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Abstract
In multi–robot systems, a large number of individual robots work together to per-
form a task. Large swarms of robots have the potential to be useful for types of tasks
for which traditional robots are not well suited, such as large area surveillance, dis-
tributed contaminant cleanup, and in–vitro medical applications. Although a variety
of possible robots could be used in such swarms, the large numbers involved usually
force each robot to be small and simple. This dissertation focuses on robots with very
simple hardware capabilities. In this work, the robots are not assumed to have global
position information, global communication, odometry, or a central leader, and their
only communication capabilities are simple local neighbor–to–neighbor communica-
tion. To overcome their hardware limitations and leverage their large numbers, the
robots must work together.

This dissertation is focused on foraging as a multi–robot task. Robots start at
a home location, explore the world in search of their target, and return the target
incrementally to the home. It is difficult in swarm robotic systems because of the
lack of global localization, communication, and odometry, which make it impossible
for the robots to acquire or build maps, for example. Once a robot loses contact with
the other robots, it is effectively lost and has no way (other than random movement)
to return home.

This thesis begins by developing three distributed foraging algorithms for robot
swarms and analyzing them in simulation. The performance of each algorithm is
strongly affected by the environment in which the swarm operates, specifically the
distance separating the home from the target. To allow the swarm to forage in
different environments, a method is developed by which the swarm as a whole can
choose its algorithm based on the home–target separation it encounters. Finally,
I consider the feasibility of running these algorithms on physical robots. Adding
accurate sensors and actuators to robots increases their cost, making it desirable for
the robots to be as simple as possible while still being able to execute the algorithms.
I directly measure the effect of sensor and actuator quality on swarm performance.
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Chapter 1

Introduction

Classical robots are usually single complex pieces of electromechanical hardware
designed to perform a task. They are typically expensive, specialized, and compli-
cated. An alternate approach is to use a “swarm” composed of a large number of
very simple robots that work together, rather than a single highly capable robot. In
this approach, the strength of the system comes not from the complexity and power
of a piece of hardware, but from the cooperation of a large number of individuals.
As the cost of simple robotic components goes down and availability goes up, this
approach becomes increasingly feasible. It is currently possible, for example, to build
a swarm of 100 small robots, each of which has a few simple sensors and can move in
an environment.

The transition from a single complex robot to swarms of multiple simple robots
brings both benefits and drawbacks. It reduces the design and hardware complex-
ity of each individual robot, which reduces cost and design complexity and increases
robustness. The savings in hardware complexity, however, are paid for with an in-
crease in algorithm difficulty because of the need for coordination. An algorithm no
longer instructs a robot how to do the whole task. Instead, each robot runs a simple
algorithm using its simple capabilities, and the interaction of all these robots must
produce the desired result. The challenge is to program a collection of simple robots,
with simple communication and individual capability, to perform a useful task as a
collective.

1.1 Natural to Artificial Systems

Large collections of simple individuals are ubiquitous in nature, making it a natural
place to look for inspiration. Consider schools of fish as a simple example. The school
must avoid predators, but no individual fish can be sure to see the predator, they
can not communicate what they see to all the other members of the school, and even
if they were all aware of the presence and location of a predator, there is still no
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Chapter 1: Introduction 2

Figure 1.1: Several examples of group behaviors in nature: fish, termites, ants, and
birds. (All images from iStockphoto.com.)

central leader to tell them how to swim to avoid it. Through local sensing, local
communication, and distributed decision making, the school is able to operate as a
whole to avoid predators [19, 40].

Termites exhibit a different kind of collective behavior. Instead of working together
to avoid predators, they work together to construct and maintain their nest. The nests
can be several meters tall with remarkable internal complexity (including thermal
regulation, ventilation, a garden, a nursery, etc.) [8, 4]. No individual termite is in
charge, no termite knows the overall plan, each termite has only simple sensing and
communication, and environmental conditions are constantly changing, but somehow
the collective manages this amazing feet of construction.

The foraging behavior of social ant colonies provides a third example. Ants are
capable of searching a very large area for potential food sources, and are capable of
returning food to their nest even though it may be very far away. They can build
a trail from nest to food even though no individual ant knows its own location or
the food’s location, and no ant is in charge [24, 17]. In each of these examples, there
was no central leader with all the information making decisions for each individual.
Leaderlessness is a central aspect of distributed swarm algorithms.

These biological systems are a useful place to begin in the effort to build multi–
robot systems because the restrictions on physical capability of the individuals are
similar. If a physical system will consist of 1000 robots, each robot must be simple.
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Coordination would be easy if each robot could sense the whole world and commu-
nicate with all other robots, but the hardware required for this would be far too
complex to place on each of 1000 robots. Instead, the robots should develop group
behaviors relying only on simple sensing and communication, which is exactly what
many biological systems do. Perhaps we can leverage the strategies used in nature in
order to build artificial swarms.

1.2 Multi–Robot Foraging

There are many possible applications for multi–robot swarm–like systems, includ-
ing collective construction, coverage, self–assembly, collective transport, formation
control, and search. In this dissertation, I focus on search–and–return as an applica-
tion, based on ant–like foraging. The goal is to develop an algorithm which can run
on a large number of simple robots and enable the collective to search its environment
for a target and to incrementally return the target to the nest.

This would be useful in several situations. Consider a collection of robots exploring
Mars [9]. To explore a large area, engineers have opted for a multi–robot system, but
because of mass and complexity constraints, each robot must be very simple. The
robots must depart their landing module and explore the surface for items of scientific
interest, for example, a collection of rocks in a crater wall. Once such a site is found,
the robots must pick up the rocks (each robot can only carry a small amount) and
return them to the landing module for analysis. There is no GPS and while they are
exploring they loose sight of the landing module, so they are essentially lost. They
must work together not only to find what they are looking for, but also to figure out
where they are and how to get the rocks back to the landing module.

Another example where a foraging behavior would be useful is in environmental
cleanup. Consider a situation in which a toxic contaminant has been spilled some-
where, but the location is unknown. A collection of robots could search the area and
locate the contaminant. Once found, the robots would build a trail from their base
to the site of contamination. Using the trail, they could bring a neutralizing agent
from the base to the site of contamination, or simply return the contaminant to the
base for disposal, depending on the particular situation.

1.3 Challenges

In foraging specifically and swarm robotics in general, coordination between robots
is critical because performing the desired task is beyond the capabilities of any sin-
gle robot. The robots must work together, coordinating their actions. (Random
algorithms are an extreme example requiring no coordination, and are used as a
comparison throughout this dissertation.) The problem is amplified by the lack of
significant sensing and communication capabilities on the robots. In a foraging task,
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when a robot finds the target, that information is not immediately useful for two
reasons. First, the robot does not know where it is because of the lack of an absolute
position system, and second, even if it did, it could not broadcast this information
to the rest of the robots because of the lack of a global communication system. Ants
solve this problem using pheromone marks in the environment which provide a means
of sharing information with other individuals. Developing a coordination method for
robots, and using this method to build a foraging strategy, is a central challenge in
robotic foraging algorithms.

Foraging can be treated as a broader problem, however, than just a coordination
mechanism and foraging algorithm. We want the swarm to forage and operate as
a whole, sensing its environment and adapting its behavior. If the swarm detects
that one particular foraging algorithm is not working because of some environmental
effect, it should decide to switch algorithms and try a different method. This requires
significant sensing and decision making on the swarm level. It is likely, for example,
that no individual robot will be able to sense that a foraging strategy is not working.
There will also probably not be a central leader to make the decision about when to
switch algorithms. Developing a collection of robots which can operate as a whole
collective is a central challenge of swarm robotics.

When constructing large swarms of robots, there is significant pressure for each
robot to be simple and inexpensive, which is the root cause of many of the challenges in
swarm algorithms. Cost, power, and manufacturing concerns all drive swarm robots
toward fewer sensors, less computational capability, and less accurate locomotion.
This research ultimately drives toward swarms of robots that weigh ∼5 g and cost
∼$10 each. In this realm, every gram, penny, and milliwatt counts. Locomotion
tends to be unreliable (either from walking legs or vibration, for example), and there
are few sensors.

Small robots with simple capabilities (with a size of the order of 10cm) are common
in swarm robotics research. When moving toward microrobotics (size of the order of
1cm), the hardware capabilities are even more severely restricted. One of the long–
term goals of multi–robot swarm research is to build collections of microrobots which
can run swarm algorithms and work together. The work in this dissertation is driving
ultimately toward microrobotic platforms, which is why the focus here is on such
simple hardware capabilities. Figure 1.2 shows several of the small robots currently
in use for research, as well as current prototypes of several microrobots.

1.4 Dissertation Contents and Contributions

In this dissertation, I focus on foraging as a multi–robot task. This work is
part of a broader effort to develop collective algorithms which will ultimately run
on microrobots such as the tiny flying and crawling robots pictured in Figure 1.2.
Swarms of these robots will need to navigate, maintain adequate power reserves,
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E-Puck s-bot Alice bot SwarmBot

Khepera II Harvard Microrobotic Fly HAMR Harvard centipede robot

1 cm 1 cm 1 cm

1 cm

1 cm

1 cm

1 cm 1 cm

Figure 1.2: Several small robots in use for swarm robotics research. E-Pucks and
Kheperas are commonly used general purpose research robots. The S-bot[15], Alice
bot [10], and SwarmBot [34] platforms were developed by researchers for use in their
specific projects. (S-Bot photo kindly provided by Marco Dorigo, coordinator of
the Swarm-bots project. Alice bot photo used with permission of Gilles Caprari.
SwarmBot photo used with permission of James McLurkin. Harvard Ambulatory
MicroRobot (HAMR) photo kindly provided by Andrew Baisch. Harvard centipede
robot photo kindly provided by Katie Hoffman.)



Chapter 1: Introduction 6

recharge, search their environment for items of interest, and perform simple tasks
(repair structures, pollinate flowers, observe a subject). Foraging is an important
subset of the multi–robot algorithms which will be required on such a system. This
dissertation is concerned with multi–robot foraging algorithms and their hardware
implications for a swarm of very small robots.

With such goals in mind, I develop three swarm foraging algorithms for robots
with simple sensing and actuation, and analyze them in simulation. Two of these
algorithms are gradient based (covering an area with a navigable gradient to and
from the search target), and one is physics based (using virtual forces to create a line
of robots which sweeps the world). Running these algorithms, the swarms are able to
find and return their target (usually referred to as “food” because of the connection to
ant–like foraging). The number of robots in the swarm and the distance between the
nest and the food are important factors, and their effect is investigated. As expected,
these various algorithms perform differently depending on how far the nest and food
are from each other, with some algorithms working best when the food is near and
others when the food is far away. The dissertation continues by developing a system
by which the swarm as a whole can choose the best algorithm for the given situation.
This requires distributed sensing and coordination to detect if the algorithm should
be changed, and if so, to synchronize the change.

Next, because hardware capability is such a driver in swarm robot systems, I will
study the effect of hardware quality on swarm performance. The robots are under
significant pressure to be simple to construct, but must still be able to execute the
algorithms. This raises the question, how good does the hardware need to be? For
example, it may be desirable from a cost and fabrication standpoint to use inexpensive
and inaccurate motors for locomotion, but a robot may not be able to reliably follow
a path if its movement is 50% random. There is a design tradeoff between hardware
quality and algorithm performance. To measure this relationship, I implement several
common swarm primitives on a swarm of robots, reduce the quality of the hardware,
and measure the effect on performance.

This dissertation makes the following contributions:

• It develops three distributed swarm foraging algorithms for use on a collection
of robots with a specific simple hardware model. The algorithms achieve a
coordination benefit, yielding better performance than the robots could achieve
working alone. Gradient and physics–based strategies have been used before to
control robot swarms, but they have required more sensing and communication
capability on the part of each robot than I assume. The contribution is the
adaptation of these general strategies for use on a simple robot and an analysis
of the pros and cons of using these strategies for foraging.

• It develops a framework for integrating multiple swarm foraging algorithms and
allowing the swarm to decide as a whole how and when to switch between
them. Different algorithms perform best in different environmental situations,
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and allowing the swarm as a whole to choose which algorithm to run can combine
the benefits of multiple foraging strategies by choosing the right algorithm for
the given situation. Swarm–level algorithm switching is not always possible;
there are requirements on the communication structure of the swarm and the
sensors on each robot. “Triggers” can be defined for each switch from algorithm
to algorithm, and the robots must have the sensors and communication to be
able to detect and share these triggers.

• The quality of the sensors and actuators on the robots in a swarm affects the
performance of an algorithm running on that swarm, and this effect is measured
quantitatively. The dissertation explores the design tradeoff between hardware
quality and algorithm performance. The results suggest a design point at which
hardware quality has been reduced (reducing construction cost and complexity),
but performance has not appreciably suffered.

1.5 Related Work

This dissertation draws from and builds on other work in the areas of multi–
robot systems and biologically–inspired algorithms. These are broad fields, involving
a wide range of applications and hardware platforms [20]. The hardware capabilities
of the robots are critical, and there is a sub–field for multi–robot algorithms in which
the robots are very simple. If the robots are capable of GPS, global communication
with a central leader, and powerful senors and actuators, for example, the foraging
algorithms would be fundamentally different from the ones studied in this dissertation.
Here, I survey the simple–hardware realm of multi–robot foraging algorithms.

1.5.1 Foraging as a Task

In the foraging task, a large number of individuals must search the environment
for some search target and return it to their base. The parallel to ant–like foraging
is obvious, and multiple researchers have studied foraging and other pheromone–
mediated coordination in ants [4, 24, 43, 42], and have reduced this behavior to
algorithms [18, 46, 12, 29]. When translating to robots, there has been some work
assuming that the robots have global communication, but the focus has mostly been
on foraging methods involving local communication or leaving information in the
environment [3]. Establishing a means of communication and coordination is a central
challenge, especially in the simple–hardware regime.

1.5.2 Foraging Methods for Robots

This section covers work related to three robot foraging strategies: gradient–based
foraging, area–sweeping foraging, and adaptive foraging. Gradient–based foraging
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and area–sweeping foraging are built on different strategies of achieving coordination
between robots, and adaptive foraging is a method of combining multiple behaviors
in one overall algorithm.

Gradient–based Foraging Gradient-based foraging methods create a gradient lead-
ing to the goal using the sensing capabilities of the robot, such as chemical sensing or
communication. Algorithms using many different types of sensing capabilities have
been studied. Algorithms exist for robots with global positioning and global commu-
nication [49], robots that use physical marks to leave a trail [25, 30], robots that use
a pre-deployed sensor network [27], and robots that use deployable beacons [16]. This
dissertation focuses on robots with directional communication. Payton et.al. have
developed an algorithm in which each robot can receive messages in a small radius,
and use this to create a virtual pheromone. The gradient algorithm discussed in this
dissertation is similar to [13], [53], [23], and [56] in that directional communication
is used to transmit relative position information to establish the gradient. Network-
ing researchers would also recognize the gradient algorithm as being very similar to
“hop-count” routing [58].

One of the chief difficulties in implementing ant–inspired foraging is implementing
the pheromone itself, or some way for the robots to interact. Global communication is
generally assumed to not be available, so some other simple means of communication
or coordination is required. There have been many approaches to this problem:

• Physical marks. Robots can physically mark their trails in a variety of ways,
such as leaving alcohol [46], heat [44], odor [45], visual marks [25], or RFID tags
[30].

• Use existing communication channels. In the work of Vaughan et al., robots
maintain an internal pheromone model with trails of waypoints, and share it
with other robots over a wireless network [47, 48, 49].

• Virtual pheromones. In [13], authors use direct infrared-based communication
between robots to transmit a kind of virtual pheromone. They study the use
of these signals to create world–embedded computation and world–embedded
displays. It is assumed that the robots that receive the pheromone can measure
the intensity of the IR reception to estimate their distance from the transmit-
ter. One of the algorithms described in this dissertation extends the virtual
pheromone approach.

• Pre-deployed sensor network. The GNATS project [27] uses robots which op-
erate in an environment which is pre-populated with a regular grid of beacons
on which information can be stored. They have had success in finding close-
to-optimal paths from one place in the environment to another, even in the
presence of obstacles.
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• Deployable beacons. Some groups have explored the idea of having each robot
be able to deploy beacons as it moves through the environment. The beacons
can be movable or non-movable [16], and contain pheromone-like information.

• Robot chains. In [52, 5], the robots form chains and attempt to remain in
close proximity with each other, through communication or even by physically
gripping the next robot in the chain.

There are several shortcomings of these approaches which the present work aims
to address. Making permanent physical marks in the environment is generally not
acceptable, and temporary or decayable marks are difficult to physically implement.
Relying on predeployed sensor networks is highly restrictive and prevents operation in
a new or unexplored environment. Deploying beacons is a good method but requires
building robots which can carry many beacons and can also intelligently recover
previously laid beacons. Instead, the algorithms in this dissertation use the robots
themselves as beacons. (see also [26])

Area–Sweeping Foraging In the area–sweeping foraging strategy, inter–robot vir-
tual forces are used to make movement decisions which cause the swarm to adapt a
line shape. Virtual forces have been used in the past in other areas of multi–robot
systems. Spears studied physics–based control of vehicle swarms, with attractive and
repulsive forces forming a lattice of vehicles [55]. In the field of sensor networks,
Howard et.al. have used potential fields to achieve dispersion of nodes [21]. The clos-
est work to our application is Balch’s notion of social potentials [7]. Social potentials
involve robots navigating to a goal while remaining in a formation, feeling virtual
forces based on the position of the goal and the relative positions of other robots.
These algorithms are focused on maintaining a formation. This dissertation uses a
similar concept in which robots feel virtual forces, and shows how to use the formation
to search the region, developing a virtual forces–based foraging method.

Algorithm Switching Multiple behaviors within a single algorithm are well known
inside the swarm algorithm community [36]. Matarić and Arkin have worked exten-
sively in behavior–based robotics [3, 11]. It is common for individual robots to switch
between the behaviors of food collecting, obstacle avoidance, and resting, for exam-
ple. Parker has studied quorum sensing and distributed consensus in a swarm setting,
using it to enable a swarm to move between subtasks in an overall task [37, 38, 39]. In
quorum sensing, robots cast votes, and tally each others votes. No robot can tally all
the votes, and communication links are always changing, so a distributed threshold
system is used to determine if enough robots voted for a particular decision. This
system can take a long time to converge to an approximate consensus. Instead of
using formal quorum sensing, this dissertation takes a simpler approach based on
“triggers” to initiate algorithm switches. McLurkin has developed a large range of
robot swarm behaviors[33] as well as dynamic task assignment methods for individual
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robots within a swarm [32]. These methods focus on individuals, whereas this disser-
tation develops a method for the swarm as a whole to switch algorithms. Chapter 4
of this dissertation presents an adaptive foraging method in which the swarm makes
colony-level decisions based on distributed information, choosing the algorithm best
suited to the given food location.

1.5.3 Hardware Measurements

Robustness and error tolerance are often–claimed aspects of multi–agent swarm
algorithms [17], but quantitative hardware–based confirmations are less common.
Often, a new algorithm is shown to perform well in the face of the particular hardware
imperfections already present in the system [54], [25] or unplanned changes in the
environment [22, 59], but it is not common for hardware quality to be independently
varied while performance is measured.

In one study which takes some hardware quality dependent measurements, a cov-
erage algorithm is shown to be robust to some degradation in position measurement
accuracy and communication range [51]. In this case, position error is modeled as
a probability of calculating a completely random position. It has also been shown
for search tasks that randomness of target position and robot movement error can
increase the attractiveness of random algorithms relative to coordinated ones [41].
This dissertation does not study the benefit of coordinated algorithms, but rather the
effect of hardware inaccuracies on the performance of coordinated algorithms. The
approach also differs in that I study several primitive behaviors rather than a few
complete algorithms, covering a broader space of algorithms.

There is little information published using physical robots to measure the effect
of the quality of a robot’s sensors and actuators on the performance of common tasks
running on those robots. Chapter 5 systematically varies sensor and actuator quality
as the independent variable, both in simulation and hardware.

1.6 Thesis Organization

Chapter 2 presents the hardware model and the algorithms, as well as describing
the algorithms’ behavior. Chapter 3 analyzes and compares the performance of the
algorithms. Chapter 4 presents and analyzes the algorithm switching behavior. Chap-
ter 5 describes the hardware quality vs algorithm performance tradeoff and presents
results. Finally, Chapter 6 concludes.



Chapter 2

Algorithms

In this chapter, I will describe three distributed swarm foraging algorithms. These
algorithms run on a swarm of identical robots, each of which is so simple that it
could not effectively accomplish the task alone. The robots must coordinate, working
together in an area much larger than the sensing and communication range of an
individual robot.

The targeted application is a swarm of robots which must search the world for an
object of interest (the ‘food’) then return the food in pieces to the ‘nest’. Because
of the focus on simple hardware requirements, these algorithms can not use infor-
mation like absolute robot position, food or nest location, the size of the swarm, or
obstacle locations, because the hardware required to obtain that information is too
complex. Instead, these algorithms are designed to work with only a small amount
of information.

Coordination is required for the robots to leverage their large numbers and col-
lectively perform a task, and this coordination must be mediated by some type of
communication. In this chapter, I choose a simple type of communication which is
reasonably easy to implement on robots, and then build algorithms using it. (In
Chapter 5, I reduce the communication model even further and measure the impact.)

The simple sensing capability of the robots is the central challenge in developing
swarm foraging algorithms. The robots will not have global communication, meaning
that one individual can not simply inform the rest of the swarm concerning some
information it has. Local communication can be used for short range simple message
passing only. The robots also do not know their global position. This means that
they can not navigate back to a place they have been in the past, and they can not
share the locations of places they have been in the past. The robots do not have
odometry, meaning they can not estimate their position by integrating the path they
have traveled, and they can not retrace their steps to get back to a location they
have visited before. Additionally, the robots have a simple sensor suite, consisting
of a single bump sensor and a single target sensor (for detecting the presence of the
search target in the immediate vicinity of the robot). This means that navigation

11
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algorithms can not rely on long distance obstacle or target sensing. The algorithms
also can not assume other complex pieces of hardware such as a chemical deposition
and detection system, which would be tempting to use when imitating ant behavior.

In this chapter, I begin by describing the assumptions and models governing the
robots, the environment, and the foraging task, then I describe the algorithms them-
selves on both a local and global level, and finally I demonstrate the behavior and
characteristics of each algorithm.

2.1 Robot, Environment, and Task Models

2.1.1 Robot Model

For the robots, I use a simple model inspired by recent swarm robot hardware,
such as the E-Puck [35] (shown in Figure 5.1 on page 66), McLurkin’s SwarmBots
[31], and Payton’s pherobots [13]. I assume a simple non–holonomic circular robot
8cm in diameter that moves and turns in continuous 2D space. Each robot has sensors
for nest, food, and obstacles in direct proximity to the robot. The sweeper algorithm
also requires two of the robots to have compasses. Each robot can communicate
with nearby robots in a range of 80cm, and measure the range and bearing from
which each transmission came (using, for example the RBZ communication board,
an E-Puck extension described in [2] and installed on the E-Puck in Figure 5.1). The
messages which can be communicated between robots are two bytes long. Robots do
not have global position measurement or global communication. Figure 2.1 diagrams
the communication and sensor ranges used in the robot model.

2.1.2 Environment Model

The environment is modeled as a simple 2–dimensional square region with bound-
aries at the edges. The environment model uses continuous space, as opposed to
discrete ‘grid squares’ to more accurately model the physical space that real robots
operate in. The world can contain a nest, a food pile, robots, and obstacles. Robots
can not occupy the same physical space as another robot or an obstacle. Figure 2.1
illustrates the possible objects in the world.

All robots begin clustered around the nest. When a robot is very close to a food
pile, it can pick up a unit of food. The food pile can contain any amount of food,
and the amount decreases as robots pick it up. Each robot can carry a maximum of
one food unit. When it is very close to the nest, a robot can drop its food unit at the
nest.
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Figure 2.1: This figure shows the communication and sensing structure of the robots,
approximately to scale. The figure in the left shows an example world setup. The
blowup details a hypothetical communication situation. When the robot on the left
transmits, the robot in the center can receive the transmission, and also knows that
the transmission came from the left–facing octant. The light gray range in front of
the central robot indicates the approximate area in which the nest, food, and obstacle
sensors are sensitive. These diagrams are approximately to scale.

2.1.3 Task Model

For the foraging task, I assume a world with a nest in the middle and one unlimited
food source placed at a prescribed distance from the nest. The robots must find the
food, then return food units to the nest one at a time. Because the robots have no
direct position measurement system, they must coordinate in order to maintain and
share information about their own position and the food position.

2.2 Description of Algorithms

This section will describe three algorithms, called the virtual pheromone (VP)
algorithm, the gradient algorithm, and the sweeper algorithm. Overall, given a
specific number of robots, the swarm must cover as much area of the world as it can
in search of food. Because of their lack of global localization and communication, the
robots must stay in communication with each other while they explore. One strategy
is for the robots to expand as much as they can as a cluster away from the nest
while still remaining connected. This is the strategy used by the VP and gradient

algorithms. A second strategy is for the robots to form a line reaching away from the
nest and sweep this line around the world. This is the strategy used by the sweeper

algorithm.
These algorithms draw inspiration from the foraging behavior of ants, so a brief

description of this behavior will precede the algorithms themselves.
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2.2.1 Ant Foraging in Nature

Some species of termites and ants, such as Lasius niger and Linepithema humile
(commonly known as the Argentine ant) exhibit group behaviors far beyond what
one would expect from a simple collection of individuals. These ants are capable of
searching a very large area and finding and returning food without a group leader.
Ants do not have global communication in the typical sense, but are nonetheless
capable of passing information to each other using a communication strategy called
stigmergy. Stigmergy differs from traditional communication in three important ways:

• The environment itself is the communication medium. For example, when a
termite modifies the environment by leaving a bit of dirt in a specific place,
that can indicate that that location is a good place to build, and other termites
can detect the presence of that dirt and place another piece to continue the
structure. The individuals communicate by modifying the environment.

• Messages have no specific recipient. It is not necessary for every individual
in the swarm to receive the message, but it is also not addressed to a specific
individual. Continuing the termite example, although any termite could have
received the information, only the termites that happen to find the piece of dirt
actually see it. The communication is received by individuals for whom it is
useful.

• Finally, the messages are localized in space. The information can only be re-
ceived by individuals who are in the close vicinity of where the message was
created. This adds to the information content of the message. It’s not just a
simple message, but a simple message at a specific place. For the termites, an
individual does not have to communicate “someone should put a piece of dirt
next to the other piece of dirt at the north wall of the tunnel after the third
branching intersection from the fourth tunnel out of the main chamber.” In-
stead, they just have to communicate “someone should put a piece of dirt here.”
Instead of having to be ignored by 99% of the individuals, it is only received by
the few individuals to whom it matters, i.e. those in the vicinity of the message
who would be most affected by it and could most capably act on it.

Ants use stigmergy to tell each other where the food is and how to get there. They
leave small pheromone marks in the environment to give information to other ants
who detect those marks [42]. Each ant can both deposit and detect this chemical,
and each ant uses the distribution of pheromone in its immediate vicinity to decide
where to move. Ants explore the environment and when an ant is carrying food, it
lays pheromone as it returns to the nest. Over time, a trail develops between the nest
and the food, and other ants follow this trail to locate the food and return it to the
nest [4, 43].
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This distributed leaderless pheromone algorithm is a starting point, but several
important adaptations must be made. The first change has to do with the way the
robots return to the nest. The pheromone trail is laid by individuals once they leave
the food, but the individual still needs a way to return to the nest. Ants have various
methods to do this, including visual landmarks and odometry (remembering how far
and in what direction the nest is) [4, 57]. Because of the focus on miniaturizability
and hardware simplicity, neither of these approaches is attractive – vision requires
significant computation and memory to interpret the image, and odometry requires
high accuracy encoders. As an alternative method to navigate back to the nest, two
distinguishable pheromones are used instead of one. One pheromone leads to the food
and a second leads to the nest.

A second change from the biological algorithm is that virtual pheromones are sub-
stituted for real ones. Implementing real chemical pheromones on robots would re-
quire fabrication of an accurate chemical deposition and sensing system, which would
make the robots much too complicated, large, and expensive. Given the focus on
simple, small, and inexpensive hardware, using real chemicals is not an option. How-
ever, using the simple local direct communication between robots, virtual pheromone
information can be transmitted.

2.2.2 Virtual Pheromone Algorithm

The VP and gradient algorithms are based on the idea of creating a field of
beacons (which are robots standing still), and using the beacons as places where in-
formation can be stored and read by the walkers (the remaining robots which haven’t
decided to become beacons). The field of beacons will expand roughly circularly
around the nest, in search of the food. In the VP algorithm, the information on the
beacons is used as an abstraction of ant pheromones..

In the VP algorithm, the beacons act as locations on which virtual pheromone
can be stored. The virtual pheromone is simply a floating point number. Other
wandering walker robots can read the pheromone level by receiving a transmission
from the beacon, and they can lay virtual pheromone by transmitting to the beacon.
Given a network of beacons, the walker robots could use the distribution of virtual
pheromone which they can sense to decide how to move. Virtual pheromones decay
at a specific exponential rate (which is why they must be floating point numbers) and
robots follow the pheromone distribution by moving toward the strongest value. A
diagram of an example situation of the VP algorithm is shown in Figure 2.2a.

Local Description

Beacon: Robots acting as beacons are stationary and broadcast two floating point
numbers, called nestPheromone and foodPheromone. Walker robots “lay” pheromone
on a beacon by transmitting a special message, which will cause the beacon to in-
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crease its nestPheromone or foodPheromone, depending on the message. Beacons
slowly decrease their nestPheromone and foodPheromone over time, to mimic the
pheromone decay in nature. They decrease their pheromone values by 0.5% per sec-
ond, meaning that after 5 minutes a deposited pheromone will have lost about 80%
of its strength. This 0.5% decay rate was chosen empirically, and yields a balance be-
tween the pheromone decaying too fast causing the information to disappear, and the
pheromone decaying too slowly causing the information to be stale. The algorithm is
not particularly sensitive to the exact decay rate.

Walker: Walker robots always attempt to navigate either to the food or the nest,
depending on whether they have food. In either case, a walker measures the bearing
to the maximum pheromone value (nestPheromone or foodPheromone, depending on
its destination), turns toward that beacon, and moves in that direction. The beacon
ranges overlap, so that for example, as a walker is moving toward a beacon with a
nestPheromone of 40.0, it would come into the range of a 50.0 before it reached the
40.0. If a walker has no information about where it should go (it can only hear 0.0),
it does a random walk.

Walkers lay nestPheromone on all beacons in their range when they are not car-
rying food, and foodPheromone when they are carrying food. In each case, they lay
one unit of pheromone per time step. This number is arbitrary and its magnitude
does not meaningfully affect the algorithm.

Beacon to Walker transition: If a beacon robot can detect more than 4 other
beacons, it will become a walker robot with a 20% chance. This probabilistic effect
is required to prevent several beacons, all of whom can collectively hear each other,
from becoming walkers at exactly the same time and leaving a hole in the beacon
field. (The specific numerical value of the probability, 20% in this case, is not critical.
A wide range of numbers work and do not affect the performance.)

Walker to beacon transition: A walker robot will decide to become a beacon if it
can only detect 1 or 2 other beacons.

Global Behavior

All robots start as walkers clustered around the nest. Some of them will decide to
become beacons immediately because initially there are no beacons. The remaining
walkers will begin searching for the food, by random walking at first. As they wander
away from the nest, some will decide to become beacons, and the beacon field will
expand away from the nest. The walker robots will lay nestPheromone on the beacons
as they expand. Eventually one of the robots could stumble across the food, pick it
up, and begin laying foodPheromone as it returns to the nest following the nest-

Pheromone. At this point, other walkers can use the newly laid foodPheromone to
find the food.
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Figure 2.2: This diagram shows example situations in both the VP and gradient

algorithms. Each black dot represents a beacon (walkers are not shown). The numbers
to the right of each beacon indicate the virtual pheromone levels (figure a) or gradient
values (figure b) – food pheromone/gradient on the top and nest pheromone/gradient
on the bottom. In figure a, the dotted lines indicate approximately level curves in
both pheromone values. As can be seen, the area between the nest and food has high
concentration of pheromone. In figure b, the solid line indicates the shortest path
between the nest and the food. As an example, the dotted lines indicate paths that a
robot near the 5

4 beacon on the left could take to get either to the nest or to the food.

A diagram of the VP algorithm is shown in Figure 2.2a. For clarity, only beacon
robots are shown. Both virtual pheromone values are strongest along a path connect-
ing the food and the nest, and they decrease further away. By following this trail,
the walker robots can walk back and forth between the nest and the food.

2.2.3 Gradient Algorithm

The gradient algorithm is similar to the VP algorithm in that robots can decide
to act as either beacons or walkers – beacons transmit values, and walkers use those
values to decide where to move. The main difference is that instead of the values
that the beacons store and transmit being real–valued floating–point numbers, they
are integers. The first beacon standing next to the nest transmits a 1, then the next
beacon slightly further out would be able to hear the 1 and so would transmit a 2.
In general, each beacon transmits the minimum of all the other beacons it can hear,
plus one. In this way, the transmission value of each beacon can be interpreted as
the number of beacons between that beacon and the nest, in other words, a rough
gradient. Furthermore, a walker robot can use these gradient values to find a path to
the nest by always moving to the lowest gradient value it can hear. In a similar manner
to the VP algorithm, each beacon actually transmits two values – one indicating how
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many beacons away from the nest it is, and the other indicating the number of beacons
away from the food.

Local Description

Beacon: Robots acting as beacons are stationary and broadcast two numbers, called
nestGradient and foodGradient. They listen for all other beacons in their commu-
nication range and record the nestGradient and foodGradient of each one. Beacons
find the minimum of all nestGradient values they have received, increment that by
one, and take that as their own nestGradient. An analogous procedure is used to
calculate foodGradient. These new values are then broadcast by the beacon. Any
beacon directly next to the nest/food broadcasts a 1 for its nestGradient/food-
Gradient.

If a beacon has no information about its distance from the food (as happens early
in the run, before the food has been found), it broadcasts 0. The value of 0 is treated
specially—when a beacon hears a 0, it does not include it in its normal ‘minimum
plus one’ calculation.

Walker: Walker robots always attempt to navigate either to the food or the nest,
depending on whether they have food. In either case, a walker measures the bearing
to the minimum gradient value toward the target of interest, and moves in that
direction. The beacon ranges overlap, so that for example, as a walker is moving
toward a beacon with a nestGradient of 4, it would come into the range of a 3
before it reached the 4. If a walker has no information about where it should go (it
can only hear 0), it does a random walk.

Beacon to Walker transition: If a beacon robot can detect more than 4 other
beacons, it will become a walker robot with a 20% chance. This probabilistic effect
is required to prevent several beacons, all of whom can collectively hear each other,
from becoming walkers at exactly the same time and leaving a hole in the beacon
field.

Walker to beacon transition: A walker robot will decide to become a beacon if it
can only detect 1 or 2 other beacons.

Global Behavior

All robots start as walkers clustered around the nest. Some of them will decide to
become beacons immediately because initially there are no beacons. The remaining
walkers will begin searching for the food. There will be no foodGradient (it will all
be 0), so they will random walk. As they wander away from the nest, some will decide
to become beacons, and the beacon field will expand away from the nest. Eventually
one of the robots could stumble across the food, and would then begin transmitting
1 for its foodGradient, causing the food gradient to form. At this point, any walker
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Figure 2.3: Example situations in the gradient algorithm (a) and the sweeper algo-
rithm (b). Walkers in (a) are not shown to reduce clutter. The gray contours roughly
depict the gradient to the nest.

can listen to the beacons near it and know how far it is from the food and how to get
there. All the walkers immediately start moving directly toward the food. As walkers
pick up food, they use the gradient field to bring it to the nest.

Figure 2.3a illustrates an example snapshot of the gradient algorithm. The beacon
standing directly next to the nest is transmitting a 1 for its nest gradient, and the
beacon standing next to the food is transmitting a 1 for its food gradient. All other
beacons are updating their gradient values accordingly. Now, by always moving down
the appropriate gradient, the walker robots can walk to the nest or to the food from
wherever they are.

One significant difference to notice between the VP and gradient algorithms is
that VP requires the walkers to transmit information to the beacons every time they
want to lay a virtual pheromone. The gradient algorithm, however, only requires
beacons to transmit – the walkers only need to receive.

2.2.4 Sweeper Algorithm

A different strategy for search or foraging involves individuals forming a “search
front” and systematically sweeping an area to find an object. Here I describe an
algorithm that uses virtual forces to form a line of robots extending from the nest
that sweeps the world like the hand of a clock. When the line finds food, some of the
robots remain as beacons while others act as walkers to return the food.

Fundamentally, this strategy creates a 1D structure of robots (roughly a line), as
opposed to the gradient strategy which creates a 2D structure of robots (roughly a
circle). The 1D structure is expected to be able to sweep a larger area than could be
‘filled in’ with the same number of robots.



Chapter 2: Algorithms 20

Local Description

Normal: In the sweeper algorithm, all robots are always transmitting. Each
robot measures the range and bearing to all the other robots in its communication
range. Based on the position of each other robot, it calculates a virtual force on itself.
For example, the robot could place a simple virtual spring between itself and each
other robot. In this case, for each robot detected at relative position −→r , the virtual
force

−→
F (−→r ) would be

−→
F (−→r ) = a

−→r
rc
− br̂

where rc is the communication range of the robot and a and b are empirically chosen
constants, with a controlling the strength of the spring and b controlling the resting
length. The choice of

−→
F (−→r ) is critical to the proper functioning of the algorithm.

Various spring-like functions are conceivable, and this choice will be explored further
in section 2.3.2. However

−→
F (−→r ) is calculated, the robot sums the virtual force from

each other robot in its communication range, and moves in that direction by an
amount proportional to the magnitude of the force. There is one special case: two
robots directly next to the nest never move regardless of the virtual forces on them.

While the robots are calculating forces and moving, they are simultaneously using
communication to establish a gradient field similar to the one described in the gradient
algorithm. This does not require extra communication. The data content of the signal
encodes the two gradient values, and range and bearing to the transmitter are used
to calculate the virtual forces.

The robot treats the nestGradient exactly as before, updating it using themin+1
algorithm. foodGradient is treated slightly differently. Any time a robot sees a
non-zero foodGradient, it temporarily stops executing the sweeper algorithm and
switches to gradient. If the foodGradient returns to zero, the robot returns to
executing the sweeper algorithm.

Puller: Two robots are pre-determined to be “puller” robots. This choice could
be made in a distributed fashion using a distributed leader election algorithm, for
example [14]. The pullers participate in the virtual forces system described above,
but they also feel one additional force. These two robots must use their compasses to
measure the relative bearing to north (the unit vector N̂), then put a virtual ‘clock’
force on themselves equal to

−→
Fc = cN̂R

(
2πt

T

)
where R is simply the 2D rotation matrix,

R (θ) =

[
cos (θ) − sin (θ)
sin (θ) cos (θ)

]
−→
Fc is a force which simply rotates around like the hand of a clock as time t increases.
The parameter c is an empirically chosen magnitude and T sets the period of the
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rotation. T is determined by the puller, and can be changed at any time based on
the puller’s nestGradient value.

Global Behavior

When the sweeper algorithm begins, all robots calculate forces and begin moving
appropriately. Initially, repulsive forces cause the swarm to expand into a tight clump
around the nest. The pullers will be forced to the edge of the pack and a line of robots
will form extending from the nest to the pullers. This line of robots will rotate as
the pullers pull it around, sweeping around the world like the hand of a clock. When
the line encounters food, it stops moving and the swarm returns the food using the
gradient algorithm, with walkers moving along the line of robots already established.
When the food source is exhausted (as detected by a loss of food gradient), the forces
resume and the line keeps sweeping.

One can imagine that longer lines (with more robots) would need to rotate slower
than shorter lines. Hard-coding the period T would require knowing the number of
robots in the swarm, which is not a scalable solution. Instead, the pullers set T based
on their nestGradient. A higher value for nestGradient indicates a long line, so
the puller will choose a larger T . This allows the rotation rate of the line of robots
to slow down as the puller ‘pulls’ the initial crowd of robots out into a line.

Figure 2.3b illustrates an example snapshot of the sweeper algorithm.

2.3 Behavior of Algorithms

In this section, I will demonstrate the behavior and discuss several characteristics
of each algorithm. A full analysis comparing the performance of each algorithm is
given in Chapter 3.

2.3.1 VP and Gradient

Overall Behavior

The VP and gradient algorithms have similar behavior. Figures 2.4 and 2.5 show
screenshots of the VP and gradient algorithms during the course of a run. In each
case, the swarm expands from the nest and forms the gradient to the nest using either
virtual pheromone values or gradient values. Once the food is found, gradient is able
to spread that information nearly instantly through the beacon network. VP must rely
on other walkers to spread food pheromone. gradient can begin returning food soon
after it is found. VP must establish a trail of both pheromones for the walkers to
follow.

Figure 2.6 shows plots of food returned vs time for sample runs of the gradient

and VP algorithms. At each time step during each run, the total food that had been
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returned to the nest was measured, along with the fraction of non–beacon robots that
were carrying food, and the total number of beacons. These examples were run in a
4m×4m world in configuration A (see Figure 3.3) with 70 robots. In the first 50-100
time steps, the number of beacons rapidly increases to a steady value as the ad-hoc
network of beacons is deployed. Next, the fraction of food–carrying robots becomes
non–zero, as the first robots begin finding and picking up the food. Some time after
that (about 100-200 time steps in these examples), the first robots are able to return
food to the nest. For the rest of the run, the amount of food returned increases and
the number of walker robots carrying food approaches roughly 50%. It makes sense
that half of the walkers would be carrying food in steady state, because approximately
half would be on their way to the food and half would be returning.

The major difference between the two algorithms is that gradient finds food
faster than VP, and returns more. (This will be shown in more detail in Chapter 3.)
VP requires time for the trail between the food and the nest to be built and reinforced
after it is found, whereas no such time is required in gradient. In gradient, once
any robot has found the food, all robots have a path to get there, and then once they
pick up food, they have a path to get back to the nest. No reinforcement of the trail
is required.

Coverage

Both the gradient and VP algorithms rely on a beacon field to cover the world
and hopefully find the food. The amount of the world that this beacon field can cover
determines how much of the world an algorithm can search and ultimately affects its
overall usefulness.

Because of the lack of central planning, the gradient and VP algorithms are not
designed to attempt a beacon placement which would yield optimal area coverage.
The low–level rules produce some beacon arrangement, and here I compare the actual
area covered by the beacons to the theoretical maximum area that could be covered
by an optimal beacon arrangement.

What is the beacon arrangement which yields optimal area coverage while still
producing a beacon field which provides useful in information to the walkers? It is
not enough to simply spread beacons throughout the world if they can not talk to
each other and develop a gradient. So, each beacon must be able to communicate
with its “neighbors” and must have a path of communication hops leading back to
the nest. For the swarm to spread out as much as possible, each beacon should have
as few neighbors as possible while staying connected ultimately to the nest. It is not
possible for each beacon to have just one neighbor because then there would only
be two beacons in the world which would be each others neighbors. It is also not
reasonably possible for each beacon to have two neighbors because this would simply
create a line of beacons. It is possible for each beacon to have 3 neighbors. Figure 2.7
shows beacon fields in which each beacon has 3, 4, or 6 neighbors.
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VP algorithm

expansion, form nestPheromone gradient
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both directions

time = 431

Figure 2.4: This shows screenshots from an example run of the VP algorithm in the
world configuration of Figure 3.3A (no obstacles). For clarity, contours indicating the
intensities of the virtual pheromones are shown on the lower-right image.
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time = 192 time = 350

time = 524 time = 1650

Figure 2.5: This shows screenshots from an example run of the gradient algorithm in
the world configuration of Figure 3.3A (no obstacles). For clarity, contours indicating
the gradient values are shown on the lower-right image.
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Figure 2.6: This shows an example run of the VP and gradient algorithms in the
world configuration of Figure 3.3A. Each run was performed with 70 robots.
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Figure 2.7: The optimal coverage pattern is shown here, in which each beacon has
3 neighbors. Other coverage patterns (4 and 6 neighbors) are shown as well. Each
group consists of 20 robots. The size of the Voronoi cell is an estimate of the total
area that can be covered by each beacon.
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Figure 2.8: This shows the total area of the world which was explored by the VP

and gradient algorithms, as well as their theoretical optimal coverages. There are
standard-deviation error bars on all the measured points, but for most of them, the
error bars are smaller than the points themselves.

In each case, the beacons are arranged into a regular pattern which optimally
covers the area. Then, the Voronoi cell of each robot is drawn. The Voronoi cell is
used as an estimate of the amount of area covered by each beacon, such that the total
area covered by the swarm is approximately the number of robots Nr times the area
of the Voronoi cell. I will denote the area of a Voronoi cell as Vn in a coverage pattern
in which each beacon has n neighbors. In the case of 3 neighbors, each Voronoi cell is
an equilateral triangle with area V3 = 3

√
3

4
r2c , where rc is the communication radius.

For 4 neighbors, the Voronoi cell is simply a square with area V4 = r2c , and for the

case of 6 neighbors, the Voronoi cell is a hexagon with area V6 =
√
3
2
r2c . Numerically,

V3 > V4 > V6, so as expected, having more neighbors leads to smaller Voronoi cells
and tighter packing. The optimal arrangement is the 3 neighbor configuration.

The theoretically optimal area that could be covered by a swarm of Nr robots
can be approximated as NrV3. This approximation is an underestimate because it
does not count the additional area covered by the robots on the periphery of the
group. So the theoretically maximal coverage area is at least NrV3. Because the VP

and gradient algorithms use beacon coverage in the same manner, this theoretical
maximum is valid for both.

To measure how close the actual algorithms come to the theoretical optimum,
simulations were run in a large world with no food, and the actual area covered by
the swarm when it had finished expanding was measured. The results are shown in
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Figure 2.8. The algorithms achieve performance very close to the theoretical maxi-
mum, and follow the same trend. These trends are expected to hold regardless of rc.
Of course, this maximum is a lower bound, so the true maximum is slightly higher,
but the actual algorithms are close nonetheless. Without central planning and global
sensing, the algorithms can still achieve near–optimal coverage.

2.3.2 Sweeper

Overall Behavior

The sweeper algorithm is intended to cause the swarm to form a line of robots
originating at the nest and sweep the world in search of food. When food is found,
the robots will establish a gradient to the food and nest using a beacon network
consisting of the robots themselves, and a few robots will become walkers and return
the food to the nest. This process is shown through several screenshots in Figure 2.9.
In these screenshots, the lines drawn on each robot indicate the virtual forces that it
puts on itself. At the beginning, all the robots are clustered together so they all feel
strong repulsive forces (t=1) which cause them to expand (t=421). Slowly, a line is
formed (t=1381), which sweeps the world (t=2261 and t=3900). When it finds food
(t=4821), the swarm returns the food to the nest (t=4821 and t=5701).

The length of the line and the rate at which it sweeps the world depend on the
number of robots. More robots yield longer lines and slower sweeping. To demonstrate
this, the sweeper algorithm was run in a world with no food, and the position of the
robot furthest from the nest was recorded. When measured in polar coordinates using
the nest as a reference, this should show a constant distance and steadily increasing
angle for the furthest robot. This is the case, as shown in Figure 2.10. Each pair of
plots shows distance and angle of the furthest robot, for varying swarm sizes.

The steady–state distance of the furthest robot indicates the length of the line of
robots. As can be seen from the top row of plots in Figure 2.10, this increases as the
number of robots increases. Also, the rate at which the angle to the furthest robot
increases indicates the rate at which the line is sweeping the world. As can be seen
from the bottom row of plots, this rate slows as the swarm size increases.

Force Function

As discussed in section 2.2.4, the virtual force function
−→
F (−→r ) is a centrally im-

portant part of the sweeper algorithm. Intuitively, a virtual spring of the form

−→
F (−→r ) = a

−→r
rc
− br̂

seems reasonable. When robots get too close, they should be forced apart and when
they get too far apart, they should be forced together. When such a force function is
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Figure 2.9: This figure shows screenshots from the simulator at different points
during the execution of the sweeper algorithm. The first image, in the upper left,
shows the starting configuration. As time (measured in simulator time steps) moves
on, the swarm forms a line which then sweeps the world in search of food, ultimately
returning the food to the nest. Lines drawn on the robots indicate virtual force
vectors.
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used, the resting length of the spring determines how close together the robots will
try to be. The rightmost example in Figure 2.11 shows a force function for a simple
spring as well as the result for the swarm. In this case, the resting length is too small
and the robots just clump together.

However, increasing the resting length of the spring will not solve the clumping
problem. The next example in Figure 2.11 shows what happens when the resting
length of the spring is simply extended. The robots get too far apart. When two
robots get further apart than their communication radius, they are not connected by
virtual forces at all, and their spring is ‘broken.’ When the resting length is increased,
the pullers break away from the pack and the algorithm fails. Anecdotal evidence
showed that no combination of the parameters a and b would yield satisfactory line
formation behavior.

A solution to this problem is to keep an extended resting length, but add an
exponential extension component to the spring of the form

−→
F (−→r ) = a

−→r
rc
− br̂ + cerr̂

so that when it nears its maximum length (the communication radius), the force gets
larger. Such a force function is shown in the third example in Figure 2.11. This force
function works. The pullers are able to exert enough force on their neighbors to pull
the swarm into a line, but the resting length is large enough to prevent the entire
swarm from clumping. Parameters a, b, and c were chosen empirically and tuned to
yield successful line formation. As discussed later, the fact that this tuning is required
could be a problem when adapting the sweeper algorithm for other robots.

One could imagine adding exponential components to each side of the spring, as
in the final example, with a force function such as

−→
F (−→r ) = a

−→r
rc
− br̂ + cerr̂ − de−rr̂

In this case, the robots are strongly repelled when they get too close to each other.
This force function also causes the line to break, however. Sometimes the robots need
to be close to each other in tight portions of the line, but this is forbidden under the
fourth case which causes them to move too far apart and break the line.

Coverage

The sweeper algorithm covers the world in a fundamentally different manner from
the VP and gradient algorithms. Instead of simply attempting to cover as much area
as possible with beacons in a static manner, the sweeper method forms a longer 1D
structure and covers the world dynamically. This yields much larger area coverage
capabilities, as shown in Figure 2.12 (a copy of Figure 2.8 with the sweeper data
added). However, the sweeper algorithm is not stable for large numbers of robots.
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Figure 2.12: This shows the total area of the world which was explored by each
of the three algorithms, as well as their theoretical optimal coverages. There are
standard–deviation error bars on all the measured points, but for most of them, the
error bars are smaller than the points themselves. With more than about 25 robots,
the sweeper algorithm does not work reliably.

One could imagine a perfect area sweeping method in which the beacons form a
single-file line reaching out from the nest and sweep the world. That is to fragile
for the forces-based method described here (any loss in communication would cause
failure), but it is a valid theoretical optimum. The amount of area that could be swept
by such a long chain of robots is shown as the theoretical maximum in Figure 2.12.
To increase robustness, the sweeper algorithm forms a double–file line of robots by
using two anchors and two pullers. The fact that the theoretical optimum assumes
a single–file line but the sweeper algorithm forms a double–file line is the reason for
the difference between the theoretical and actual coverage of the sweeper algorithm
in Figure 2.12.

2.4 Summary

This chapter presented three distributed foraging algorithms for robot swarms
– the VP algorithm, the gradient algorithm, and the sweeper algorithm. These
algorithms are designed to work on robots with very simple sensing, actuation, and
communication capabilities. Although the VP and gradient algorithms are based on
ant foraging, they do not require the robots to deposit real chemical pheromones or
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electronic beacons in the environment, rather the pheromone is an analogy for the
way information is transmitted between robots.

The VP algorithm is the most directly biomemetic algorithm. It performs better
than randomWalk, but when building robots, there is no reason to be restricted to
bioinspiration. The gradient and sweeper algorithms take advantage of hardware
not available in nature to extend their capabilities. Biological inspiration is a good
place to start, but should not be restrictive.

All three algorithms search the area of the world for food, but the VP and grad-

ient algorithms search in a static 2D manner, while the sweeper algorithm searches
in a dynamic 1D manner. This allows sweeper to cover more area.

Each of the algorithms have parameters, the values for which were chosen either
by intuition or experimentation. VP has several parameters, such as the pheromone
decay rate and the amount of pheromone the walkers lay, but there is some freedom in
choosing these parameters and a range of reasonable values will yield success. grad-
ient, being a simpler and cleaner algorithm, is fairly parameter-free, which is an
attractive property. sweeper, by contrast, has many parameters (mostly in the shape
of the force function) and their values must be carefully chosen by experimentation,
causing the algorithm to be “brittle”. If using these algorithms in a new situation, for
example, gradient is a good choice because of its lack of parameter choices, whereas
sweeper would need to be tuned again to the new situation.

The contributions discussed in this chapter are:

• The VP and gradient algorithms, which use an ant–inspired strategy to enable
a swarm of robots with simple sensing and no global communication to search
the world, meaningfully share information with each other about food location,
and return the food to the nest, without requiring chemical pheromones or
physical marks of any kind. The concept of using stationary robots themselves
as the manner in which information is localized, stored, and communicated, as
opposed to chemical pheromones, physical marks, or dropable hardware, is the
central novel contribution of these algorithms.

• The sweeper algorithm, which uses a virtual–forces inspired strategy to form a
dynamic search front which sweeps the world and returns food. This algorithm
is novel both in its use of robots as beacons, and in its use of virtual forces to
form a foraging search front.
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Performance Analysis

In this chapter, the performance of the VP, gradient, and sweeper algorithms
will be measured and analyzed.

The swarm foraging algorithms described in the previous chapter are designed
to find food and return it to the nest. In some applications, one might only care
about how fast the swarm finds the target, about how many robots are needed, or
about the furthest food a particular swarm can find. This study chooses three metrics
which broadly capture the performance of the foraging algorithms and give insights
into their performance and relative strengths and weaknesses. When analyzing the
performance of swarm foraging algorithms, the chosen metrics are: the success rate of
the algorithm (what fraction of runs returned food), the speed with which the swarm
finds the food, and the total amount of food the swarm returns to the nest. These
metrics give a sense of whether the algorithm worked at all, how well it worked, and
how fast it worked.

The VP and gradient algorithms sacrifice robots to be stationary beacons, in the
hope that the navigation benefit they provide will aid the remaining walkers. It could
be the case that this sacrifice is not worth it. If it requires so many beacons to provide
good navigation capability that there is only one walker left, then even though the
walker can navigate well, it still may perform worse than random walk. The metrics
selected here will be able to shed light on this question. They will show that the
sacrifice is in fact a good one, unless the food is so far away that the swarm can’t
reach it at all.

Other metrics that could be of interest include robustness to robot failure, toler-
ance to sensor noise, and energy usage. Although robustness is not explicitly tested,
it is captured by the metrics used in this study. If a robot failure causes the failure
of the entire algorithm, that will be captured by the success metric. Similarly, if a
robot failure delays the swarm in finding the food, or causes it to return less, that will
also be measured. Energy efficiency is not studied here because the robots on which
the hardware model is based are not significantly energy constrained. When working
with robots which have significant energy constraints, efficiency would clearly be an

35
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important metric.

3.1 Test Parameters and Metrics

There are several test–related parameters which must be chosen, such as world
size, food placement, run time, and communication radius. These are chosen by
comparing them to the physical robots which will ultimately be used. The world
setup, including positions of nest and food, is shown in Figure 3.3a. (See section 3.3
for results in worlds B, C, and D.)

• world size — World size can be non–dimensionalized by dividing by robot
body length. The robot model assumes a body diameter of about 8 cm. A
square world in which each side is 50 times the body length would be 4m×4m,
which is what is used in these tests. Worlds with and without obstacles are
studied.

• robot density — The number of robots in the swarm divided by the total
world size gives the average robot density. This chapter explores the effect of
this parameter, presenting results as a function of both absolute number of
robots and robot density. The absolute number of robots varies between 10 and
110.

• nest–food separation — This can be non–dimensionalized by dividing by
world size. The nest–food separation is varied from 10% to 65% of the world
size. In these experiments, there is only one food pile. It never runs out of food
so that the foraging algorithms operate continuously.

• run time — To non–dimensionalize the run time, the analysis uses the num-
ber of direct nest–food traversals that are theoretically possible during the run
(assuming the robots could travel straight to the food and back) for the largest
nest–food separation. Each simulation is run long enough for a robot to the-
oretically traverse the nest–food distance 50 times. Given the implementation
and time resolution of the simulator, that yields a run time of 15000 time steps.

• communication radius — The non–dimensional parameter in this case is
communication radius divided by body length. Given available hardware (see
Chapter 65), a ratio of 10 is conservative. This analysis assumes a communica-
tion radius equal to 10 times the body length, or 80 cm.

This analysis focuses primarily on the effects of the number of robots and the nest–
food separation. These are the two most interesting and relevant parameters. Number
of robots, world size, and robot density are all simply related, so only the number of
robots is varied. Similarly, nest–food separation and communication radius are also
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related. Increasing the communication radius has a parallel effect to reducing the
nest–food separation. In this case, the nest–food separation is the parameter which
is varied, because the analysis is concerned with how far a given swarm can reach.

Three metrics are used to measure the performance of the algorithms.

• fraction of runs which returned food — A basic success metric, answers
the simple question “how often does the algorithm work?”

• time at which the food was first found — A measure of the speed of the
algorithm. This does not strictly relate to returning food to the nest, but rather
measures the time step during the simulation at which the swarm located the
food in the environment. This is particularly relevant when considering foraging
as a type of search.

• total food returned — The total amount of food that has been returned
to the nest by the entire swarm. Note that in all experiments, food piles have
an infinite amount of food. This is to make the analysis more general; the
specific amount of food is application dependent, and using an unlimited food
size allows general measurements. A specific arbitrary food size would lose data
from algorithms which could return more.

The performance of the algorithm as measured by these metrics will be compared with
a simple randomWalk algorithm as a lower bound comparison and a GPScomparison

algorithm as an upper bound comparison.
randomWalk was chosen as a lower comparison algorithm because it has the small-

est requirements for communication and sensor hardware – none. It represents a
minimum use of coordination among robots. Furthermore, there is no guarantee
that using the robots–as–beacons scheme (VP, gradient) will be beneficial. Those
algorithms sacrifices robots to be beacons, which are then no longer free to walk
around the world and return food to the nest. This sacrifice is made to improve
swarm communication, but in some cases could significantly impact performance. In
randomWalk, all robots are always free to move. The randomWalk algorithm is simple:
robots walk straight until they detect an obstacle (or another robot) in front of them,
at which point they turn a random amount and walk straight again.

While randomWalk serves as a lower bound hardware comparison, GPScomparison
is an upper bound hardware comparison. If the robots had the same hardware, with
the addition of a global position measurement in a shared localization space, how
well could they perform? Note that this is not an extreme upper comparison. The
robots still do not have global communication, perfect locomotion, excellent odom-
etry, a-priori knowledge of the food and obstacle positions, or extensive memory
capability. With the sole addition of GPS, the GPScomparison algorithm works as
follows. Robots begin by randomly exploring the world, because they have no knowl-
edge of where the food is. Although they know where they have been, they can not
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avoid area that other robots have already explored because they can not communicate
their entire history globally, and even if they could, an entire world map is too big
to transmit and too much for the robots to remember. However, once a robot has
found the food, it can transmit a message locally with the simple GPS coordinates
of the food. Robots in the communication range of this robot receive the message
and retransmit it. All robots that have this information continuously retransmit it
so that soon every robot knows the food location. Thereafter, the robots move in
a straight path back and forth between the nest and the food. Obstacle avoidance
works the same way as in VP, gradient, and sweeper – when a robot detects an
obstacle, it turns to the left until it no longer detects the obstacle, moves forward a
small amount, and then resumes its original navigation. If the obstacle is still there,
it will repeat the move-left procedure until it has walked around the obstacle.

The algorithms were written and tested in a hand-designed simulator, imple-
mented in Java R©. This simulator, used throughout the dissertation, was built from
the start as a multi–robot simulator. It is capable of modeling motion, collisions,
local communication, and food transport in a continuous world, and it can be eas-
ily extended to simulate other effects such as the virtual forces used in the sweeper

algorithm. A continuous world model was chosen over a gridded world environment
so that the algorithms would face real problems such as collisions and congestion.
Screenshots of the simulator’s graphical output option were used to demonstrate the
behavior of the algorithms in the previous chapter (see page 23).

3.2 Performance in an Obstacle–Free World

As stated earlier, two parameters will be varied in this analysis: number of robots
and nest–food separation. First, the number of robots will be varied from 10 to 110
while holding the nest–food separation at a constant 1.6m, or 40% of the world size.
Second, the nest–food separation will be varied from 10% to 65% of the world size
while holding the number of robots constant at 30. Each of these five algorithms
(randomWalk, VP, gradient, sweeper, and GPScomparison) will be run for 15000
simulation time steps in a world with no obstacles. Results from varying the number
of robots are shown in Figure 3.1 and results from varying the nest–food separation
are shown in Figure 3.2.

3.2.1 Effect of the number of robots

As can be seen in the upper plot in Figure 3.1, each algorithm requires a certain
number of robots to work at all. VP and gradient both begin to work around 30
robots, achieving consistent success at 70 robots. sweeper works with many fewer
robots. With 20 robots, for example, VP and gradient do not work at all, but sweep-
er returns food approximately 85% of the time. randomWalk does have a consistent
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100% success rate, meaning it always returns food, but this does not mean that it
does so quickly or returns a lot. When letting robots run free in the world for 15000
time steps, it is almost assured that at least one of them will happen to run into the
food and wander back to the nest.

The next plot (in the middle) shows the time at which the swarm first found
the food in the environment. sweeper takes an order of magnitude longer than any
of the other algorithms. The robots need a lot of time to respond to the virtual
forces. For example, if the pullers are trying to form the line, the robots several steps
away will feel the pullers influence only weakly because that influence needs to be
conducted through all the other robots. It takes time to form the line in the first
place, and time to slowly sweep the world. The other three algorithms (VP, grad-
ient, and randomWalk) perform similarly to each other on this metric. randomWalk

is slightly faster, but this just measures the first time a robot randomly picks up food.
All three algorithms expand, but randomWalk and GPScomparison are not concerned
with keeping a connected beacon network as the other two are, so they can expand
faster.

Finally, the lower plot shows the total amount of food returned by the swarm.
Obviously, GPScomparison outperforms all the others because soon after one robot
finds the food, they all know where it and the nest are without the need for a beacon
network, so they return a lot of food. (Recall that in GPScomparison, the robots have
global positioning but not global communication. When a robot finds the food, it uses
local communication to share the food location with its neighbors, they retransmit
it, and the information spreads through the swarm.) VP has very poor performance
until a large number of robots are used. Even then, it only returns a small amount.
gradient does better. It returns food with fewer robots and always returns more
than VP.

randomWalk shows an interesting trend. As the number of robots increases, the
performance also increases because there are more robots available to transport food.
However, when there are more than about 30 robots, it is so crowded that they have
trouble moving and the performance again decreases. With more and more robots
in the field, robot collisions become dominant and the world is too crowded. This
congestion effect is clearly visible in the randomWalk data. With 110 robots, the world
is so congested that the robots spend most of their time avoiding each other.

The performance of sweeper is fairly consistent across all numbers of robots.
As long as there are enough robots to form a chain long enough to reach the food,
sweeper will find it and return it well.

The fact that VP and gradient perform better than randomWalk at all shows that
some coordination is being achieved between the robots using the virtual pheromones
and gradient values. These algorithms sacrifice some robots to be immobile beacons,
and these robots are no longer picking up and dropping of food. It could be the
case that this sacrifice outweighs the benefit derived from the virtual pheromone
or gradient. If that were so, using the VP or gradient algorithms at all would be
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harmful and randomWalk would be better. In fact, they often outperform random-

Walk, which shows that the sacrifice of some robots to be beacons confers a net benefit
on the algorithm. Furthermore, although each algorithm uses robots as beacons to
achieve a coordination benefit, gradient derives more benefit from these beacons.
This benefit is reduced and eventually eliminated in both cases at small numbers of
robots, however, because in that case the robots are mostly used as beacons so there
are few walkers left.

Both gradient and VP exploit the ant–inspired idea of marking the environment,
but the success of the gradient algorithm over VP shows that there are more effective
ways to lay marks than to simply copy the ants’ method. VP is mostly a transcription
of ant–inspired foraging into robot hardware, with necessary modifications to enable
it to work (such as using robots as pheromone markers). This may not be the best
way to spread information, though, and the success of gradient is an example of a
move beyond direct biological mimicry.

3.2.2 Effect of nest–food separation

Results of varying the nest–food separation are shown in Figure 3.2. The upper
plot shows the simple success rate. As expected, when the nest and food are close
together, the algorithms perform well, and as the separation increases, the success
rate decreases. VP and gradient follow similar trends, with VP slightly worse. At
a separation greater than about 1.7m, neither of these algorithms is useful at all
because they can only expand so far. Once the swarm has expanded as far as it
can and all robots have become beacons, it can not go any further and it will fail.
sweeper also has a maximum distance at which it can find food, around 2.5m. If the
line that sweeper forms is not long enough to reach the food, then the line will just
keep sweeping and the algorithm will never find food.

The middle plot show the effect that the nest–food separation has on the time at
which each algorithm first finds the food. As expected, placing the food further away
generally causes the algorithms to take longer to find it. sweeper is an exception. VP
and gradient expand outward from the nest. When they have found the food, they
mostly stop expanding and start returning it. If the food is further away, they must
spend more time expanding to find it. sweeper, on the other hand, forms a constant
length line and sweeps, so the distance of the food from the nest has no effect on how
long it takes to find. Of course, if the food is extremely close to the nest, all of the
algorithms find it quickly. If the food is only 40cm from the nest and the robots have
an 8cm diameter, then with 30 robots in the world, there is a robot near the food
almost at the first time step. randomWalk and GPScomparison have nearly identical
performance because they both perform a random walk to find the food the first time.

Total amount of food returned vs nest–food separation is shown in the lower plot.
VP and gradient fall off quickly, returning almost nothing after about 1.7m. random-
Walk degrades more smoothly, as expected. If the food is further away, the robots have
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Figure 3.1: These plots show the performance of VP, gradient, sweeper, and
randomWalk as measured by all three metrics – success rate (top plot), time at which
food was found (middle plot), and total food returned to the nest (bottom plot).
These plots show the effect of the number of robots. Each point is an average of 30
runs, with standard deviation error bars. Note the log scale on the vertical axis of
the middle plot and the broken vertical axis on the bottom plot.
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a longer distance to travel and the probability of successfully traversing it by chance
decreases. sweeper, by contrast, returns a constant amount of food regardless of the
food’s distance. This continues until the maximum distance, at which point it rapidly
falls off. Because sweeper forms a line of constant length regardless of where the food
is, it does not return a smoothly decreasing amount of food with increasing nest–food
distance. GPScomparison again far outperforms the other algorithms, and congestion
is again visible. When the nest and food are very close together, all the robots remain
crowded around and it is difficult for the robots to move. More separation gives the
robots more room to maneuver and increases performance.

Overall, again, sweeper returns the most food but takes the most time to find it.
gradient consistently outperforms VP. There is a range inside which any algorithm
works, a range beyond which nothing but randomWalk works, and ranges in the middle
in which other algorithms perform best. These ranges, and the possibility of choosing
the best algorithm for the given range, will be explored in the next chapter.

3.3 Tests and Results in Worlds with Obstacles

When deployed in the real world, swarms will not likely operate in a perfect
obstacle–free world. It is more likely that there will be unknown obstacles that
restrict their movement and communication. The algorithms should be tolerant to
obstacles, and this section measures their ability to function in such environments.

Obstacles present a challenge to distributed foraging algorithms because they make
search and navigation more difficult. They do this by changing the shortest path be-
tween the nest and the food from a straight line into a more complex path requiring
turns. In the obstacle–free world used above, the shortest path involved zero turns.
This section studies obstacle configurations requiring one and two turns. These con-
figurations are shown in Figure 3.3. In configuration B, a simple obstacle blocks the
most direct path, such that the swarm must find a one–turn path around the obstacle.
Configuration C has two obstacles that require the robots to take a more complex
two–turn path to get to the food and back.

VP, gradient, and sweeper do obstacle avoidance in nearly the same manner.
Each walker has a direction it wants to go, determined either by virtual pheromones,
gradient values, or virtual forces. For each of these three algorithms, when a robot
encounters an obstacle, it attempts to avoid it by simply turning left and moving
forward. After that, it turns back in the direction it wants to go and if the obstacle
is still there, it repeats the obstacle avoidance maneuver.

The performance of the algorithms in the presence of obstacles is analyzed using
the same three metrics used to analyze the no–obstacle case, described in section 3.1.
For each obstacle field, the number of robots is varied over the same range as before.
Varying the nest–food distance is not as meaningful here; it is the obstacles that
change the difficulty of the environment, not the placement of the food. Results from
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Figure 3.2: These plots show the performance of VP, gradient, sweeper, and
randomWalk as measured by all three metrics – success rate (top plot), time at which
food was found (middle plot), and total food returned to the nest (bottom plot).
These plots show the effect of the nest–food separation. Each point is an average of
30 runs, with standard deviation error bars. Note the log scale on the vertical axis of
the middle plot and the broken vertical axis on the bottom plot.
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Figure 3.3: There are three world configurations. Results from configuration A are
discussed in section 3.2, and results from configurations B, and C are discussed in
section 3.3.

the single obstacle tests are shown in Figure 3.4 and results from the double obstacle
tests are shown in Figure 3.5.

For the single obstacle case, similar trends to the no–obstacle case are seen in
the success of the algorithms, as shown in the upper plot in Figure 3.4. There is
a minimum number of robots which each of the algorithms needs to be successful,
this minimum is larger for VP and gradient, and lower for sweeper. Given enough
robots, though, each of the algorithms can reach 100% success. The double obstacle
case, however, is much more difficult. The sweeper algorithm never works at all, and
gradient needs 110 robots just to achieve 30% success.

The single obstacle slows VP and gradient down a lot, as shown in the middle
plots. When they work (large numbers of robots), they take a long time. The swarm
must expand from the nest and curve around the obstacle to reach the food. This takes
a similar amount of time for VP and gradient because their expansion algorithm is
the same. Again, the double obstacle case is much harder. Only at very large numbers
of robots does it work at all, and it is very slow. This time, the expansion must flow
around two obstacles, making multiple turns. It does work, but only if there are a lot
of robots and a lot of time. sweeper has no chance of forming a line and sweeping the
world, because the line can’t make the multiple turns around obstacles that would
be required. In both cases, randomWalk is able to find the food relatively quickly
because it does not have to maintain coordination, although it does take longer in
the two–obstacle case.

For the total amount returned in the single obstacle case, gradient and sweep-

er are able to perform well with large numbers of robots. randomWalk is the only
algorithm which returns any food for small numbers of robots. In the double obstacle
case, even randomWalk performs badly, and gradient manages a few food units with
the most robots. GPScomparison does not work at all because it is not capable of
making the two turns required to navigate both obstacles. GPScomparison always
walks directly toward the food or nest, turning left when it finds obstacles. The two–
obstacle case, though, also requires right turns which GPScomparison can not make.
GPScomparison always makes left turns, causing it to get pinned by the obstacles.
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gradient has the same obstacle avoidance method, but robots follow the shortest
path created by the beacons, which is capable of having right turns.

3.4 Summary

In this chapter, the performance of the VP, gradient, and sweeper algorithms was
measured and analyzed. Overall, gradient outperforms VP in nearly all situations.
gradient performs best at finding food quickly when it is near the nest. sweeper can
find food further away, but is slower in finding it. In difficult obstacle configurations
or with small numbers of robots, randomWalk is still the best algorithm.

The gradient and sweeper algorithms are tolerant to a single obstacle, but they
need more robots to function well. None of the algorithms are capable of performing
well in the double obstacle case, but gradient is probably the best hope. With
obstacle configurations requiring two or more turns in the shortest path, a large
number of robots and a lot of time will be required for the swarm to expand and
fill all the areas of the world. In these cases, the tradeoff between randomWalk and
gradient is not so clear.

As discussed in the previous chapter, the gradient algorithm is fairly parameter
free, suggesting that it is a good choice to be adapted to other scenarios. sweeper,
by contrast, is tightly tuned to this hardware model. The force function was carefully
chosen so that lines of robots would form and not break. If adapting these foraging
algorithms for a different task or situation, gradient would be easy because of its
lack of parameters whereas sweeper would require a careful retuning.

Even after being tuned for these experiments, the line in the sweeper algorithm
does occasionally snap. In this case, the pullers can recognize that the line snapped
because their nest gradient value goes to zero. If this happens, they can reverse their
pulling force by 180◦ and try to push the crowd of robots backward and repair the
break. This sometimes works and does reduce the failure rate, but unrecoverable line
snaps still sometimes occur. The gradient algorithm also has built in failure recovery
mechanisms, such as the constant recalculation of gradient values. If a beacon were
to fail or be pushed out of position by a walker, the gradient field on the surrounding
robots would need to be updated. Otherwise, walkers would get incorrect navigation
information which could lead them permanently astray. Such failures do not happen
in the simulator, but they do in the real robots (as will be seen in Chapter 5), and
this constant updating of gradient values helps keep the gradients correct.

The contributions discussed in this chapter are:

• If it can reach the food, the gradient algorithm is capable of outperforming
randomWalk, showing that it derives a coordination benefit from the beacons. In
other words, the sacrifice of some robots to be stationary beacons is a worthwhile
sacrifice. There are fewer robots available to do the actual work of carrying
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Figure 3.4: These plots show the performance of VP, gradient, sweeper, random-
Walk, and GPScomparison as measured by all three metrics – success rate (top plot),
time at which food was found (middle plot), and total food returned to the nest
(bottom plot). These are results from the single obstacle case. Each point is an
average of 30 runs, with standard deviation error bars. Note the log scale on the
vertical axes of the middle plot and the split axis on the bottom plot.
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Figure 3.5: These plots show the performance of VP, gradient, sweeper, random-
Walk, and GPScomparison as measured by all three metrics – success rate (top plot),
time at which food was found (middle plot), and total food returned to the nest
(bottom plot). These are results from the double obstacle case. Each point is an
average of 30 runs, with standard deviation error bars. Note the log scale on the
vertical axes of the middle plot and the split axis on the bottom plot.
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food back to the nest, but their contribution to gathering and disseminating
information more than makes up for this.

• The ant-inspired idea of marking the environment is an effective method of
distributed coordination, but direct biological mimicry is not necessarily the
best way to implement this marking. Both VP and gradient are biologically
inspired algorithms, but VP nearly copies the behavior of the ants while grad-

ient moves beyond it, finding a better method.

• The sweeper algorithm is also capable of performing the foraging task, but is
not directly comparable to gradient. In some cases, it is better than gradient,
and in some cases worse. This tradeoff will be more fully explored in the next
chapter.

The analysis in this chapter has shown that gradient, sweeper, and randomWalk are
each the best algorithm to choose for different values of nest–food separation. The
next chapter will develop a method for the swarm as a whole to choose its algorithm
to suit the given situation.



Chapter 4

Swarm–Level Algorithm Switching

The performance of a robot swarm algorithm is affected by the environment in
which the swarm operates. In a search task for example, the location and number of
search targets and presence or absence of obstacles could affect the performance of the
swarm. One algorithm may be more efficient at finding nearby targets while another
may be better at finding distant targets. Because the specifics of the environment are
generally not known before the swarm begins its execution, the swarm itself should
be able to intelligently choose its own algorithm based on the observed performance.
An interesting challenge is whether a robot swarm, as a whole, can assess the success
or failure of an algorithm and, as a whole, switch algorithms to increase its success.

Colony–level algorithm switching is difficult for two reasons. First, the information
on which the colony will base its decision is distributed throughout the environment
and not detectable by any one robot. Therefore, the environment detection must be
distributed. Second, if a swarm algorithm relies on strong coordination, then switches
must be nearly unanimous and synchronized. In this case, changing algorithms will
not help unless all individuals change to the same algorithm at the same time. Both of
these actions—environment sensing and algorithm switching—must truly take place
on the colony level, as opposed to the individual level.

This chapter builds on the gradient and sweeper algorithms and presents a third
algorithm, termed the adaptive algorithm. All of these are based on a few core “sub–
algorithms” which the swarm intelligently switches between in various combinations
and at various times. In the adaptive algorithm, the colony cooperates to detect
when one algorithm is failing and switches to another, increasing performance.

To evaluate the algorithms, food is placed at varying distances from the nest. The
gradient algorithm finds the food quickly but only in a short range, and the sweeper
algorithm is slower but has a larger range. If the food is very far away, neither of these
algorithms work and randomWalk is the only option left. The adaptive algorithm is
capable of high–level switching, and the swarm is able to choose the algorithm best
suited to the current food location.

49
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4.1 Related Work

Algorithm switching and colony–level decisions have been used in the field of
swarm algorithms in the past. The two most relevant areas of related work are in
task allocation and quorum sensing.

4.1.1 Task Allocation

Task allocation is useful when different individuals in a swarm need to perform
different tasks [28]. In a termite mound model, for example, the colony may need
to clean the mound, defend the mound, and forage for food. The colony needs to
perform each of these subtasks simultaneously, and because there is no central leader,
each individual needs to decide which subtask it should perform. These decisions
need to be made such that enough individuals are working on each task, and the
distribution may need to be adjusted over time. A common way to accomplish this
is by establishing thresholds for each task [3, 11]. For example, while an individual
is doing its task, it will measure the amount of clutter or dead bodies in the nest. If
the amount that the individual detects is above a specific threshold, the individual
will become a cleaner. Similarly, if the amount of food in the nest goes below a
specific threshold, it will become a forager. This strategy allows the task distribution
to change dynamically. After some individuals have been cleaning the nest for some
time, there will be less clutter, and some individuals will switch tasks because some
other threshold will take their attention.

Task allocation is different from the algorithm adaptation under consideration in
this chapter because task switching is an individual decision whereas the adaptive

algorithm requires colony–level decisions. In task switching, each individual can made
a decision about whether to switch tasks based on the information it can sense. This
is not always the case with the adaptive algorithm. A threshold system will not
work for the adaptive algorithm because such a system does not spread information
throughout the world. Because individuals sense locally, they evaluate thresholds
locally, and make decisions locally. The adaptive algorithm requires integration of
information which could be anywhere in the world. The adaptive algorithm needs
the whole swarm to change algorithms, but not every individual in the swarm can
sense the information that would cause the change, so decisions can not be purely
local.

4.1.2 Quorum Sensing

Quorum sensing is a system by which a collection of robots with local communi-
cation can come to a consensus [37, 38, 39]. It is a distributed voting scheme in which
each robot votes for its choice and tallies votes from other robots as it encounters
them. If it encounters enough votes for a specific choice, it commits to the choice.
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Quorum sensing could be applied to the algorithm switching problem by instructing
the robots to come to a consensus about which algorithm they should run. This could
be useful in many situations, but two drawbacks prevent it from being useful for the
adaptive algorithm.

First, vote collection relies on the robots being able to encounter each other. A
robot will collect votes from the other robots it encounters as it travels. This is a
problem because in the gradient algorithm, many of the robots act as stationary
beacons and do not move at all. Quorum sensing relies on each of the robots being
able to eventually encounter a large number of other robots, which is not the case
with the algorithms used here.

A second related problem is that the information that would cause the swarm to
want to change algorithms may only be detectable by one robot. This robot would
vote to change algorithms, but all the other robots would still vote for the previous
algorithm, thinking that it is still working. A simple voting scheme is insufficient
because it can ignore small but significant pieces of information.

4.2 Adaptive Algorithm Description

This section describes the adaptive algorithm and the means by which algorithm
switches are made at the individual– and colony–level. Figure 4.1 diagrams the rela-
tionship between the algorithms and their parts. See section 2.2.3 on page 17 for a
description of the gradient algorithm and section 2.2.4 on page 19 for a description
of the sweeper algorithm.

The gradient and sweeper algorithms each have strengths and weaknesses. grad-
ient operates in a short range but finds the food quickly, while sweeper has a longer
range but is slower. (This is quantified in section 4.3.) The goal is to use each algo-
rithm when it is most appropriate. The adaptive algorithm combines the benefits
of these two algorithms, along with randomWalk, by trying each one in sequence and
choosing the best one for a given situation. It first tries gradient, which would work
well if the food is near enough to use it. If not, it switches to sweeper to get food
further away. If it still doesn’t find the food, it switches to the last resort – random-

Walk. Switches between these three algorithms are made in a distributed manner at
the colony level. To accomplish this, a third gradient is included.

4.2.1 Local Description

Robots begin with an algorithm very similar to the gradient algorithm described
earlier. They are split between walker and beacon robots as before, but they main-
tain three gradients as opposed to two. The third one measures how far each bea-
con is from any walker robot. This requires all walker robots to transmit a single
bit of information indicating their presence and identity as a walker. The beacons



Chapter 4: Swarm–Level Algorithm Switching 52

F
ig

u
re

4.
1:

T
h
is

fi
gu

re
d
es

cr
ib

es
th

e
re

la
ti

on
sh

ip
s

b
et

w
ee

n
th

e
g
r
a
d
i
e
n
t
,
s
w
e
e
p
e
r
,

an
d
a
d
a
p
t
i
v
e

al
go

ri
th

m
s,

an
d

th
ei

r
sw

it
ch

es
.

T
h
e

“s
ta

rt
”

ar
ro

w
s

in
d
ic

at
e

h
ow

ea
ch

al
go

ri
th

m
b

eg
in

s.
B

ol
d

ar
ro

w
s

in
d
ic

at
e

co
lo

n
y
–l

ev
el

sw
it

ch
es

an
d

d
ot

te
d

ar
ro

w
s

in
d
ic

at
e

in
d
iv

id
u
al

–l
ev

el
sw

it
ch

es
.



Chapter 4: Swarm–Level Algorithm Switching 53

#
#

nest

food

beacon

walker
#foodGradient

nestGradient
walkerGradient

6
3

5
4

4
1

5
2

4
3

5
3

4
2

1
4

3
2

3
3

2
5

2
3 3

4
2
4

6

5

5

5

4

5

5

2

4

3

1

3
4

2

Figure 4.2: This is similar to Figure 2.2b on page 17, except a third number indicating
the walkerGradient of each beacon has been added. If there were just a single walker
remaining, indicated by a cross in the lower left, the beacons would update their
walkerGradient values as shown.

then transmit a 1 for the walkerGradient if they can see a walker, and min + 1 if
they can not see a walker. Figure 4.2 shows a diagram for the gradient algorithm
with the walkerGradient added. Other than maintaining the walkerGradient, the
robots execute the gradient algorithm exactly as described above. Maintaining this
walkerGradient is something they do in addition, but it is irrelevant to the execution
of the gradient algorithm.

To implement adaptive foraging, robots need to explicitly detect when to change
algorithms. If a robot does not see any (non-zero) walkerGradient for several time
steps in a row, it will completely switch algorithms from gradient to sweeper. There-
after, if the line of robots has swept the world twice and still has not found food (as
evaluated by the pullers), the pullers send a signal through the beacon network caus-
ing every robot to again switch algorithms to randomWalk. These transitions are
shown in Figure 52.

4.2.2 Global Behavior

The swarm will begin executing the gradient algorithm. There are many walkers
at the beginning of the execution, so the values for walkerGradient are all fairly
low. If the swarm finds the food, it returns it as usual, and the walkerGradient

remains irrelevant. If, however, the swarm expands to the point that all robots have
become beacons and the swarm has still not found the food, then there will be no
walkers left. When the last walker becomes a beacon, suddenly no beacon anywhere
in the swarm will have information on which to broadcast a walkerGradient, so all
walkerGradient values will revert to 0. A short time later, they all decide nearly–
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Figure 4.3: This shows the regions described in section 4.3.1. The regions indicate
where the food could be found. The light blue area around the nest shows the
approximate starting area of the robots.

simultaneously to switch algorithms and begin the sweeper algorithm. From this
point on, the swarm proceeds as normal as if it had just begun the sweeper algorithm,
pulling out a line of robots and sweeping the world. Once this line has swept around
the world twice without finding food, the swarm switches to randomWalk, which is
the only option left. randomWalk does not involve coordination, which relieves the
robots of the requirement of staying near each other. This is the only way to get food
so far away.

4.3 Performance

The gradient, sweeper, and adaptive algorithms were tested in the continuous-
world multi-agent Java R© simulator. An unlimited food source was placed at varying
distances from the nest, with a swarm of 20 robots trying to find and retrieve it. As
before, simulations were run for 15000 time steps.

The performance of the algorithms is assessed using the same three metrics used
in the previous chapter:

• whether or not the swarm found the food,

• how quickly it found the food, and

• the total amount of food it returned.

The results are shown in Figure 4.4. Each data point represents an average of 30
runs.
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4.3.1 Region–Based Analysis

Based on observed performance (Figure 4.4), the world is divided into four distinct
regions, diagrammed in Figure 4.3.

If the food is inside r1, it is so close to the nest that any reasonable algorithm
will find it. As shown in the top plot, in the region inside r1, all algorithms find the
food almost all the time. The middle plot shows that in this region, the food is also
found quickly regardless of which algorithm is chosen, and the bottom shows that all
algorithms return a lot of food.

When the food is in r2, gradient works most of the time, and when the food is
further than r2, it fails most or all of the time. In r2, gradient finds the food, finds
it quickly, and returns a lot of it. Outside of r2, gradient works poorly, eventually
never finding the food. As the robots expand and form a beacon field, eventually the
swarm will expand to its maximum size and there will be no walkers left to continue
the expansion. If the food is beyond this critical radius, there is no way for the
gradient method to get it.

The sweeper algorithm is also capable of finding the food in r2 and returning a
lot once it has found it, but as seen in the time plot, takes much more time to find it.

In r3, the gradient algorithm is essentially useless, and the sweeper algorithm
performs well, forming a line and sweeping the world. The plots show that in r3,
sweeper finds the food roughly 70% of the time and returns a lot of it, although it
takes a long time to locate it.

Outside r3, even the sweeper algorithm fails because the line of robots can not
reach that far. At this point, the food is so far away that only randomWalk can work.
Although it has a high success rate and finds the food fairly quickly, it returns a very
small amount because the food is so far away.

region description
r1 any algorithm works
r2 coordination needed, gradient works well
r3 too far for gradient, sweeper works well
r4 too far for sweeper, only randomWalk works

In different regions, different algorithms perform best. In r2, gradient is best
because it finds the food and finds it faster than sweeper. In r3, sweeper is best
because gradient doesn’t work any more. In r4, randomWalk is the only option
left. In every region, the adaptive algorithm is able to choose the most appropriate
foraging method. In r2 it runs the gradient method, in r3 it runs the sweeper

method, and in r4 it runs randomWalk. In r4, adaptive does not achieve the 100%
success rate of randomWalk because it has spent most of its time trying previous
algorithms. As the time plot shows, adaptive spends up to about 10000 time steps
running the previous algorithms before it switches to randomWalk, so it has only
about 5000 time steps left to use randomWalk to search for the food. This is often
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Figure 4.4: These plots show the success rate of each algorithm, the time at which
food was first found, and the total amount of food returned by each algorithm. Each
point represents an average of 30 runs, and the error bars indicate one standard
deviation. Note the log scale on the vertical axis of the middle plot.
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Table 4.1: Overall performance assessment.

r1, r2, or r3 whole world
algorithm success rate time food found success rate time food found
gradient 31% 69± 31 19% 69± 31
sweeper 83% 4500± 3800 34% 5300± 3400
adaptive 85% 3300± 3500 68% 9200± 6100

enough time (about 65%, as shown in the upper plot), but not always. Because of
this time penalty, adaptive also returns less food than straight randomWalk in r4.

4.3.2 Overall Assessment

As an overall assessment of each algorithm, the food can be placed in an unknown
random location. In the Table 4.1, “r1, r2, or r3” indicates that the food is placed
randomly anywhere in those three regions, and “whole world” indicates that the
food is randomly placed anywhere. The numbers are averages over all placements.
For example, if the food is randomly placed anywhere and the sweeper algorithm is
running, the swarm can be expected to find it 34% of the time, after an average of
5300 time steps with a standard deviation of 3400 time steps.

In r1, r2, or r3, the adaptive algorithm finds the food almost as often as the
sweeper algorithm, but does so faster. This is because it is able to take advantage
of the speed of the gradient method when the food is nearby. When very distant
food locations are included (whole world), all algorithms suffer lower success, but the
adaptive algorithm is able to use randomWalk to at least achieve some success in a
very long time and does not suffer the decrease in success rate that sweeper does.

4.4 Algorithm Switching Generalizations

4.4.1 Framework

To generalize the concept of algorithm switching, consider a swarm which may
use a set of algorithms A = {A1, A2, A3, · · · , An}. These could be the gradient,
sweeper, and randomWalk algorithms from this chapter, for example, although more
possibilities are presented below. Under some circumstances when running algorithm
Ai, the swarm may want to switch to a different algorithm Aj. The gradient to
sweeper transition is an example, although loops and more complex switching ar-
rangements are possible. If all the algorithms require large scale coordination, the
swarm must be nearly unanimous and synchronized in its switching decisions (this
requirement can also be relaxed, as discussed below). Then, for each Ai → Aj transi-
tion the swarm wants to make, the programmer must design triggers that each robot
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can detect. When a robot running Ai detects an Ai → Aj transition trigger, it will
switch to Aj. Because individuals can only switch based on what they can sense and
communicate, these triggers must be designed to be detectable and evaluateable by
each robot locally, although the trigger may be transmitted through robot-to-robot
communication. Examples of this are given later in this section. (Note that the trig-
ger causing an Ai → Aj transition can not necessarily by the same as the one causing
Aj → Ai.)

TheseAi → Aj algorithm switches are colony–level switches. Colony–level switches
are ones which (a) require information which is not detectable by every robot, and
(b) need to be agreed on by every robot in the colony. There are also individual–level
switches. The main differences between the two types are:

• First, individual switches are made by a particular robot based on the informa-
tion it can perceive, whereas colony–level switches require information which is
distributed throughout the environment and not directly perceivable by each
robot making the decision.

• Second, colony–level switches must be nearly synchronized, whereas individual
switches need not be explicitly coordinated.

4.4.2 Requirements

To achieve a colony–level algorithm switch, information must be shared through-
out the swarm. For example, when the adaptive algorithm switches from gradient

to sweeper, each robot must be aware that no walkers are left, but no single robot
is capable of perceiving this. This global information is detected and shared through
the beacon network. Because global information is required for colony–level switches,
maintaining the connectedness of the beacon network is critical for these switches.

Three types of information can be identified:

information type example
directly perceivable sense a beacon ahead

directly perceivable by another robot someone found food
only perceivable by swarm as a whole swarm has expanded to max size

The first type of information can be detected by an individual robot using its
sensors. The second type can be detected by an individual robot, but must be trans-
mitted to be useful to others. There is no robot in the swarm with a sensor capable
of detecting the third type of information; it can only be detected by the swarm
as a whole through cooperation. A connected network is critical for detecting and
transmitting this information. Individual switches can be made solely based on infor-
mation of the first type. Colony switches require the second and third types, which
requires a beacon network.
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For example, if the colony is executing the gradient algorithm, but the robots
have expanded as far as possible and the food still has not been found, there is no
sensor on any robot which can detect that. It is only by sharing information about the
number of walkers seen, and then reasoning about that information in a distributed
manner, that the situation can be detected. Again, a connected communication
network is critical.

4.4.3 Examples of Incremental Extensions

Consider a situation in which an algorithm similar to gradient had to operate
in a world that may contain obstacles. As shown in Chapter 3, gradient does not
perform well in complex obstacle fields and randomWalk may be better. So perhaps
the swarm would want to run gradient, but switch to randomWalk if it detected an
obstacle. In this case, as soon as a robot detected an obstacle, it would transmit
a special message to its neighbors, who would then retransmit it to their neighbors.
This message would serve as the gradient→randomWalk trigger, and when each robot
heard the trigger, it would switch to randomWalk. This is a simple way for a swarm
to “give up” if it needs to.

As another example, consider a foraging situation in which energy efficiency is
a concern. Data in Chapter 3 showed that sweeper takes longer to find the food
than gradient, although it can reach further. Because it takes more time, sweeper
probably would also require more energy. If the colony needs to conserve energy, it
may only want to run sweeper if its food supplies are very low. Otherwise, it will just
run gradient, and if that doesn’t find any food, the colony will stop foraging instead
of spending the extra energy required to run sweeper. In this case, the nest would
need to sense the amount of food it had and transmit that information to the robots.
The nest could transmit the food amount to the nearest robot, who would retransmit
it, etc. (These transmissions could be stamped with an increasing integer to prevent
old data from overwriting new data.) The robots could then run the same adaptive

algorithm as before, except the gradient→sweeper transition would have another
condition checking if the amount of food at the nest (as transmitted throughout the
swarm) is lower than a pre–defined threshold. This condition can be evaluated locally
by each robot, making it a valid trigger.

The algorithm switching system described here can be extended to similar situa-
tions beyond ant–like foraging. Consider a swarm of flying surveillance robots with
solar panels. Normally, they fly around performing their normal mission, but some-
times they need to charge. They need to find non–cloudy areas in which to charge,
but if there are no sunny areas, the swarm should switch algorithms, and revert to
a power–saving mode or return to a base. Because no robot can see the entire area,
detecting the lack of sunny areas anywhere probably requires distributed detection
and swarm–level algorithm switching. (Of course, another option would be to solve
the problem with centralization or expensive hardware, but both of these solutions
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eliminate the scalability of the distributed system.)

4.4.4 Examples of Broad Extensions

Algorithm switching is a general concept, useful throughout swarm algorithms.
Figure 4.5 shows how several different swarm behaviors could be understood in the
context of algorithm switching.

Overall Colony Behavior: In a real colony, foraging of the type described
in this dissertation would likely be just one behavior among many that the swarm
needed to perform. Figure 4.5a shows a system in which foraging is integrated into an
overall colony algorithm which includes other tasks such as cleaning and defense. The
“foraging” node in the diagram could contain the entire switching foraging behavior
described in this chapter, integrated into a broader framework. Each switch requires a
trigger by which each individual robot will decide to make the switch. These triggers
are indicated in blue on the diagrams in Figure 4.5. In some of these cases, sensors
beyond those included in the standard robot model are required. For example, in order
for the swarm to decide that it must forage, the robots need sensors which detect the
amount of food the nest has. Depending on the particular hardware implementation
of the nest, this could just be a voltage sensor or could be much more complex. To
switch to the defense task, the robots must be able to either detect an attack directly
or transmit information about such an attack (an “emergency message”). As there
often is, there is a trade–off between sensors and communication. Each robot could
have a sensor to detect an attack anywhere in the colony, or it could just have a local
sensor and use communication to spread the information. These options trade off
sensors for communication.

Collective Transport: Figure 4.5b gives an example of collective transport.
In this scenario, the swarm must search for food, but it is possible that the food
will be too big to return to the nest bit–by–bit, as the previous algorithms assume.
The swarm begins by exploring, creating a trail to the food, and trying to return it
incrementally. If that doesn’t work it tries carrying the food to the nest, if that doesn’t
work it tries slicing it up into smaller bits that can be carried, and if that doesn’t
work, it gives up. Again, additional sensors are required to perform the algorithm
switches. In this case, the robots must be able to sense if the amount of food in a food
pile is decreasing. This is how they know if the current method is working. When
the robots are trying to carry the food back to the nest, a method is required for the
robots to know if they are making progress toward the nest. Doing this without GPS
or high quality optometry is difficult. If the swarm used a nest gradient similar to the
one in the gradient algorithm, they could detect if they are making progress toward
the nest by measuring if the nest gradient values are decreasing. If they are not, the
the food is not moving and the robots are not making progress.

Nest Relocation: A third example is given in Figure 4.5c, describing nest re-
location. This occurs when a swarm must decide for some reason that its current
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Figure 4.5: Possible algorithm switching diagrams for three different swarm applica-
tions. Figure (a) shows an overall colony switching algorithm in which foraging is just
one component, figure (b) shows an example for collective transport, and figure (c)
shows how a swarm could decide to move its nest to a new location. The black anno-
tations near the arrows describe the switch and the blue annotations are the triggers
for each individual robot.
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nest is no longer suitable and the whole swarm must move. In this case, it is espe-
cially important for the swarm to remain together and make its decisions in a unified
manner. In the diagram, three possible reasons are given for why the swarm would
want to move nest sites. The current nest could be too small, it could be in an area
with insufficient available food, or it could be under dire attack. When any of these
is detected by a robot, it transmits a “want to move” message. When enough robots
are transmitting this message, one of them detects this and changes its message to
“moving”. When any robot transmits “moving” the entire colony decides to move.
The colony searches for a new nest site, and when one has been found, the robots
must assess the quality of the new candidate site. Different applications would lead
to different metrics for nest site quality, and it is assumed that each robot can assess
some local aspect of this quality. When a candidate nest site is under consideration,
each robot would transmit its assessment of the quality. By repeatedly averaging its
quality assessment with the quality assessments of the robots nearby, the swarm will
reach an estimate of the average quality assessment. This is the swarms’ estimation
of the quality of the new nest site. If it is above some threshold, the new site is
accepted, if not, a new search begins.

4.4.5 Multiple Concurrent Algorithms

In the examples discussed here, every robot in the swarm executes the same al-
gorithm. When the swarm switches algorithms, the entire swarm switches to the
new algorithm. A broader and possibly more useful framework would allow differ-
ent robots to execute different algorithms in a nonetheless coordinated manner. For
example, it would probably not make sense for different robots to be running differ-
ent foraging algorithms in the same place, but it could make sense for some robots
to be foraging while others are cleaning. This involves the larger problem of task
allocation [36]. Task allocation can be done in a low–communication manner (if a
robot sees too much clutter, clean it up, otherwise forage) but that only results in
individual decisions, not explicit swarm coordination [3]. Swarm level coordination
requires communication, and doing swarm level task allocation would require both
more communication and probably more sensors than assumed here. Specifically, in
order to make the transitions indicated by the arrows in Figure 4.5, the robots eval-
uate the triggers (text in blue). In pure algorithm switching, this is enough, but for
swarm level task allocation (in which different robots can be doing different tasks),
the robots must not only evaluate the trigger but also decide if they as an individual
should make the switch. This decision must be made such that there are an appro-
priate number of each robots on each task, that the robots in the right locations
are doing the right tasks, etc. In other words, it requires more communication and
sensing.
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4.4.6 Relaxing the Connectedness Requirement

Overall, in all of these examples, each individual robot must decide on its own
to switch algorithms, but these individual decisions must be coordinated to produce
swarm-level behavior. The information that causes each individual to switch must
be detected and communicated in a distributed manner (unless it can be directly
detected by each robot with its sensors, which is unusual). Distributed sensing and
communication is critical, and requires the robots to maintain a connected network
of communication links.

The communications model could be further generalized, however, to possibly
relax this connectedness requirement. In some situations, it may be possible for the
robots to be eventually connected, as opposed to fully connected. In a fully connected
situation, there is a series of communication links connecting every robot to every
other robot. This is usually what is required. In eventually connected communication,
however, every robot will at some point in the future have a series of communication
links to each other robot, but not necessarily at the same time. In other words, for
every pair of robots, there will eventually be a series of communication links that
connects them.

Consider an example in which the robots return periodically to their nest, and
while in the nest, they can all communicate with each other. This could be accom-
plished with special hardware facilitating communication in the nest. Outside the
nest, however, they can only communicate locally with neighbors. For some algo-
rithms, it may be sufficient for the robots to save messages that they wish to relay to
the swarm until they have returned to the nest. For example, when the swarm needs
to relocate its nest site because there is insufficient food in the vicinity, it is probably
fine for the communication that mediates this decision to occur only at the nest, and
not out in the environment. The eventually connected communications model would
work for algorithm switches that do not need to happen in a short amount of time. A
local version of eventually connected communication would work, for example, in the
collective transport case. When the robots need to switch from returning the food
bit–by–bit to carrying it back at once, it is not critical for all robots to make that
switch at exactly the same time. It is acceptable if different robots get the message
that an algorithm switch is required at slightly different times, and eventually, there
are enough of them to start carrying the food.

4.5 Summary

After the previous chapter presented several distributed foraging algorithms which
perform best under different food locations, this chapter presented another method
in which the swarm as a whole can choose the best algorithm for the given situation.
The gradient algorithm can find nearby food quickly, and the sweeper algorithm
can find food further away but takes longer. The adaptive algorithm uses the grad-
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ient, sweeper, and randomWalk methods, detecting in a distributed manner if one
has failed and switching to the next. For food in any region of the world, the adapt-

ive method is able to choose the most appropriate algorithm. Colony–level algorithm
switching requires communication, but can combine benefits of multiple algorithms
and improve overall performance.

The central contribution discussed in this chapter is:

• Design of an adaptive foraging method in which the swarm makes colony–level
decisions based on distributed information, choosing the algorithm best suited
to the given food location. This colony–level decision making requires no addi-
tional hardware and only a slight increase to the required local communication
capabilities of the robots. Extending this method to switch between other al-
gorithms may require additional sensors depending on the particular triggers.



Chapter 5

Hardware

Algorithms for robot swarms may be developed initially in simulation, but they
must eventually prove themselves on real robots. This chapter explores the connec-
tions between algorithms and hardware.

First, it explores the tradeoff between hardware quality and swarm performance.
Swarm robots depend on communication and sensing capabilities to coordinate and
perform their tasks, but when constructing such robots, there is pressure to design
these capabilities to be as simple as possible. Simpler, fewer, or lower-quality sensors
and actuators will reduce the cost and complexity of the robot, which will reduce
the cost for the overall system or allow more robots to be built. However, reducing
the quality of the sensors and actuators is expected to reduce the performance of
the swarm, so there is a tradeoff. This chapter seeks a design point, compromising
between hardware quality and algorithm performance.

To explore this tradeoff, several common swarm primitives are run on a collection
of physical robots which match the original hardware model (see section 2.1 on page
12). Three common swarm algorithm primitives are chosen—trail following, expan-
sion, and line formation—and each of them is run both on a small swarm of E-Pucks
and in simulation. After measuring their performance with close-to-perfect hardware,
the hardware is artificially degraded and the performance is measured to assess the
effect of this degradation and search for a design point.

The most complex piece of the hardware model used in this dissertation is the
directional range-and-bearing communication. The second part of this chapter inves-
tigates the consequences of removing the bearing measurement completely, as opposed
to just reducing its resolution. To study the effects of removing the bearing measure-
ment, the gradient algorithm is modified for robots without bearing measurement
(and also lacking some other capabilities), and then run on a swarm of them. Even
given the reduced hardware capabilities, it is still possible to run a modified version
of the gradient algorithm, but the performance is reduced because of the required
modifications to the algorithm.

65
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Figure 5.1: An E-Puck robot.

5.1 Hardware Quality vs Algorithm Performance

The quality of the sensors and actuators on a robot will affect the performance of
the swarm. It is expected that a swarm of robots with highly accurate motors would
perform better than a swarm of robots with noisy ones, for example, but high quality
hardware is expensive and sometimes complex. This section will explore several points
in the design space, investigating the tradeoff between hardware quality and swarm
performance, using E-Pucks (shown in Figure 5.1) as a testbed.

E-Pucks are small research robots with tank steering, an array of bump sensors,
range–and–bearing communication between robots, and an easily programmable mi-
croprocessor. They also have other capabilities which are not used in this work, such
as a speaker, accelerometer, and camera. These robots conform to the hardware
model described in section 2.1 on page 12.

The swarm algorithms in the literature tend to be composed of a few common
primitive behaviors, such as trail following, expansion, and shape formation [11, 33,
6]. A foraging algorithm, for example, could combine expansion (to find the food)
with trail following (to return it to the nest). A flocking algorithm could use shape
formation to form and maintain a flock, and homing (a special case of trail following)
to move the flock. A coverage algorithm could use expansion on its own, combined
with appropriate communication. Instead of measuring the effect of hardware quality
on a few specific swarm algorithms, this chapter measures the effect on these three
primitives:

• trail following

• expansion

• line formation
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These primitives, described in section 5.1.1, are used in the gradient and sweeper

algorithms described earlier.
From experience building small robots, two specific types of hardware capability

were chosen for study. The first is the accuracy with which bearing measurement on
incoming communications can be measured. Robots need to communicate and often
need to measure the range and bearing to their neighbors. Measuring bearing usually
requires multiple receivers arrayed around the robot. Using fewer sensors would yield
savings in space, complexity, and power usage, but would yield a less accurate bearing
measurement. The second type of hardware degradation is movement accuracy. With
small robots, the locomotion tends to have a significant random component. Making
robots which can accurately move and turn requires tight joint and leg tolerances,
accurate motors and precision timing, or expensive feedback sensors which eat up
processing time, power, and weight. Noisy open–loop locomotion would allow rough
construction and would eliminate the feedback sensors. These two hardware quality
variables are described in section 5.1.2.

5.1.1 Task Descriptions

This section describes each of the tasks to be tested along with the metrics by
which their performance will be measured. Each of these tasks selected for study—
trail following, expansion, and line formation—all have straightforward implementa-
tions. Pseudocode for each is shown in Figure 5.3 on page 70.

Trail Following Task

The goal of the trail following task is for a robot to detect a trail marked by other
robots, and repeatedly traverse the trail from one endpoint to the other. A set of
robots is positioned to create a trail, remaining stationary. The first robot sends a
signal indicating it is the start of the trail (perhaps the ‘nest’ in a foraging task, or
the base station in a search–and–rescue task), and the last robot indicates that it is
the end (the ‘food’ or ‘victim’). The other robots that make up the trail broadcast
integers representing their hop–count from each end of the trail. The trail, along with
hop–count annotations, is shown in Figure 5.2a. By listening to the broadcasts from
the stationary beacon robots, a ‘walker’ robot can navigate. When traversing the trail
from start to end, it moves toward the beacon with the smallest hop–count leading
to the end. The hop–count trails are hard–coded into the robots in these tests, so
that the results focus solely on the trail–following ability of the walker. Distributed
algorithms for developing the gradient are well known in general, and in this case the
one from the gradient algorithm described chapter 2 is used.

When the walker robot senses an obstacle or another robot in front of it (the
bump sensors can not distinguish obstacles from robots), it simply turns left until it
can no longer sense the obstruction, moves forward a short distance, then resumes its
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Figure 5.2: Figure (a) shows the trail following task mid–execution. Figure (b) shows
start and end configurations in the expansion task. Figure (c) shows the final state
of the line formation task in simulation and on the robot testbed.
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previous navigation. This results in the walker walking around obstacles to the left.
More complex obstacle avoidance methods are possible, but this is simple and works
well.

The success metric for the trail following task will be the number of complete
traversals the walker is able to make in 10 minutes, capturing both correctness and
speed. Once the walker sees the robot marking the end, it turns around and navigates
to the start, and repeats. Moving from one side of the trail to the other counts as a
single traversal.

Expansion Task

In the expansion task, the swarm must expand to cover as much of the world as
possible while maintaining a connected network of robot–to–robot communication.
Example starting and final configurations are shown in Figure 5.2b. The expansion
algorithm is simple: if a robot can hear more than 3 neighbors, it moves randomly,
otherwise it remains stationary. Eventually, the robots will have expanded from the
starting point such that each robot has 3 neighbors. If a search target were within
this covered area, the swarm would be able to find it, so we are interested in how
much area is covered by the swarm, and how fast the swarm reaches this level of
coverage.

Line Formation Task

In this task, the robots start in a clump and must form a line. This is done using
a virtual–forces algorithm similar to the sweeper algorithm. Each robot measures
the range and bearing to each of its neighbors, calculates a virtual force as if there
were a spring between itself and the neighbor, sums the forces from all robots in its
communication range, and moves in that direction. Robots which are close together
will be forced apart, and robots too far apart will be pulled together. One robot does
not move regardless of the virtual forces acting on it, thus acting as an anchor. Each
robot also feels an additional small force which is always directed in the same global
direction (arbitrarily called “north”). This could be achieved by placing a compass
or sun sensor on the robots. E-Pucks do not have compasses, so in these tests it was
achieved by placing a stationary robot at the edge of the field, transmitting a special
message at full power, acting as the “north star”. All robots placed an additional
force on themselves pointing toward the north star robot.

After some amount of time, a line of robots is formed (example shown in Fig-
ure 5.2c), reaching from the anchor robot and stretching to the north. We measure
how often this virtual–forces method succeeds in creating a line, and when it does,
how long it takes the swarm to form the line.
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Figure 5.3: Pseudocode for each task.
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5.1.2 Hardware Variables

Two types of hardware quality are tested: bearing quantization and motor accu-
racy.

Bearing Quantization

The robots receive signals from other robots and can measure the range and
bearing to each transmitter. This bearing measurement would likely be achieved
by placing a ring of receivers around the robot. When a transmission comes in, it
would probably be received by multiple sensors. One could interpolate between the
received intensities at each receiver to calculate a continuous bearing to the receiver.
The E-Pucks calculate a continuous bearing measurement in this manner (with 12
sensors arranged around the robot). This requires high quality receivers and sig-
nificant computation to do the interpolation. If there were only 8 sensors, bearing
would be obtained by simply knowing which sensor received the signal, and would
only be known to an accuracy of 45◦. In other words, there would only be 8 quan-
tized possibilities for the bearing measurement. This would be a significantly simpler
design, requiring fewer sensors, less wiring, less power usage and weight, and fewer
possibilities for failure.

Four possibilities for this bearing quantization are tested: none (continuous bear-
ing measurement), 8 sensors, 4 sensors, and 2 sensors. With only two sensors, the
robot only knows if the transmitter is in front of or behind it. These possibilities for
bearing quantization are diagrammed in Figure 5.4. To achieve this on the actual
robots, sensors are artificially degraded in software on–board.

Motor Accuracy

The model assumes that control of motion is implemented by velocity control of
two motors. Uniformly distributed noise is artificially added to the intended velocity
to measure the effect of motor quality. Four amounts of noise are tested: ±0%, ±5%,
±20%, and ±100%. With ±100% noise, each wheel could rotate at a speed anywhere
between 0 and twice the commanded rate. Notice that because the noise of each
wheel is independent, this also means that when a robot intends to go straight, it
could actually veer off course.

An illustration is provided in Figure 5.5. As a simple illustration of this noise
model, a robot in simulation is commanded to walk in a large circle ten times. This
is repeated with various amounts of motor error. With ±1%, the circles drift slowly,
and with ±100%, it resembles random walk.

Building robots with small movement error is difficult because it requires accurate
actuators, feedback sensors (which require mass, power, and computation), or tight
tolerances on construction (precise wheel diameter, leg length, power regulation). An
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Figure 5.4: With continuous bearing measurement, the receiver can calculate the
bearing to the transmitter (to within the error of the sensors). With quantization
of 4, for example, the receiver only knows which quadrant the transmitter is in.
This is done by reducing (in software) the number of IR sensor/receiver pairs on the
communication ring (see Figure 5.1).
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Figure 5.5: In simulation, a single robot is commanded to move in a 2m–diameter
circle ten times, with varying amounts of movement error. With ±20% error, there
is still approximate looping behavior, and with ±100% error, it looks like completely
random movement.

algorithm which can perform well on robots with poor locomotion will be more useful
because the robots will be easier to build, less costly, and simpler.

Error of ±0% is possible to achieve in the simulator, but the physical robots will,
of course, have some minimum noise. Informal measurements indicate that this error
is less than 1% for the motors on the E-Pucks. Strictly, movement error is added to
the error already present in the system, which for the simulator is 0% to within the
accuracy of mathematical operations on a Java R© double, and for the robots is less
than 1%.

5.1.3 Tests and Results

This analysis measures the effect that bearing quantization and motor accuracy
have on the metrics described above: number of complete path traversals, amount
of area coverage, speed of coverage, line formation success rate, and speed of line
formation. Each test is done both in simulation and on physical robots. The data is
shown in Figures 5.6, 5.7, 5.8.

The parameters of the simulation are set to match the physical robots. Robot size,
movement speed, communication radius, and obstacle sensing range are all matched
between simulation and hardware. Dropped communications do occur in the real
robots but are not modeled in the simulator, sometimes causing a difference between
the robot performance and the simulator performance. This effect is discussed in
detail after the data is presented.

Trail Following Experiment

Number of Complete Path Traversals With no bearing quantization, the robots
appear to make 3 to 4 traversals in 10 minutes (Figure 5.6a). With only 8 or even
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Figure 5.6: Trail following performance. Simulation data points represent the average
of 100 runs, physical robot data points represent the average of 5 runs, and error bars
show one standard deviation. On the horizontal axes, hardware performance increases
to the right. Bearing quantization must decrease to 2 until an appreciable decrease
in performance is observed. Similarly, movement error must reach ±100% before
performance decreases.

4 sensing regions, the performance does not substantially fall. There is a substantial
drop with only 2 sensors.

Movement error shows a similar trend. ±5% or even ±20% show no substantial
drop in performance from ±0%. Only with ±100% error does the performance fall.
For both bearing quantization and movement error, the simulation and physical robots
have comparable performance.

Expansion Experiments

Total Area Coverage Neither bearing quantization nor movement error have an
effect on area coverage, as seen in Figures 5.7a and 5.7b. This makes sense because
the bearing to a transmitter has no effect on robot movement during this procedure;
the only quantity that matters is the number of other robots in the sensing range.
The robots simply move randomly when they can hear more than 3 other robots
and stand still when they can hear 3 or fewer, regardless of where those other robots
are. It also makes sense that the movement error has no effect because this metric
measures the area covered when the expansion is finished, regardless of how long it
took. So, with ±100% error, one might expect that coverage takes longer, but it still
covers the same area in the end.

In the case of bearing quantization, the physical robot performance is noticeably
worse than the simulation performance. This is likely because of intermittent com-
munications failures. In reality, the edge of the communication radius is not sharply
defined. Sometimes communications are just lost, and sometimes they travel farther
than normal. This can cause robots to wander too far away and get lost, and therefore
not be counted.
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Figure 5.7: Expansion performance. Simulation data points represent the average
of 100 runs, physical robot data points represent the average of 5 runs, and error
bars show one standard deviation. Simulation data points On the horizontal axes,
hardware performance increases to the right. Bearing quantization has no effect on
the total area covered nor the time it takes to reach coverage. Movement error does
not affect total area coverage either, and must reach ±100% before it degrades the
time until complete coverage.

Time Until Coverage As expected, with ±100% error the swarm takes longer to
reach its final coverage than with ±0% (Figure 5.7d). ±5% or ±20% show mostly
non-degraded performance. Bearing quantization has no effect (Figure 5.7c), which
makes sense for the same reason as above — the location of the receptions is not used
in the expansion algorithm. The same effects of communications failures can also be
seen here, with the results from the robots being consistently worse than the results
from the simulation.

Line Formation Experiments

Line Formation Success Rate In simulation, the robot swarm is almost always
able to form the line, as seen in Figures 5.8a and 5.8b. With physical robots, however,
failures are more common. Because of dropped communications, some of the virtual
forces can be temporarily lost causing robots to move in the wrong directions, or even
get completely lost. With only two reception directions (Figure 5.8a), the situation
is even worse. In this case, the robots often fail, partly because of communications
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Figure 5.8: Line formation performance. Simulation data points represent the average
of 10 runs, physical robot data points represent the average of 5 runs, and error bars
show one standard deviation. On the horizontal axes, hardware performance increases
to the right. The swarm is capable of forming the line most of the time, except under
a bearing quantization of 2, when it also takes much longer to form the line.

failures, but partly because they don’t have enough information on which to calculate
their movements. The virtual force is always pointing either directly ahead or directly
behind. If it’s directly behind, they will turn until it is directly ahead (not necessarily
a full 180◦ turn) and move. With so little information, the communications failures
overwhelm them.

Line Formation Time The time required for the swarm to form a line (when
it does so successfully) is roughly the same with no bearing quantization as with a
quantization level or 8 or 4. When only two sensors are present (bearing quantization
of 2) it takes twice as long or more, as seen in Figure 5.8c. Surprisingly, the amount
of movement error seems to have no significant effect on the line formation time.
Even with ±100% error, it takes approximately as long as with no error. During
the process of forming the line, the robots ‘jostle’ around as they are moved by the
virtual forces. Most of their movement appears to be this jostle, and over time they
drift to the correct final positions. Apparently, adding even ±100% error just adds to
the jostle, but the drift rate is unaffected and robots are still able to reach the final
positions in roughly the same time.



Chapter 5: Hardware 77

Differences Between Simulator and Physical Robot Performance

In several cases, the performance of the physical robots was consistently worse than
the simulator model. This is particularly evident in the area covered in the expansion
task (top of Figure 5.7) and the line formation success rate in the line formation task
(top of Figure 5.8). These differences are likely caused by communication failures in
the robots, which are not modeled in the simulator.

The robots sometimes drop communications. Even with just two robots commu-
nicating with each other, communications will occasionally be dropped. The rate of
communication failure increases when more robots are overlapping. A simple TDMA
scheme was developed for the robots to mitigate these failures, but this did not
completely eliminate the failures. Communication failures are especially problematic
for the line formation task, where they are interpreted as a loss of the virtual force
between two robots. If two robots are at the edge of their communication ranges
and briefly lose communication, they could move further away under the influence
of other virtual forces, possibly causing the line of robots to snap. This is the likely
explanation for the difference in performance in the line formation task.

The second communication failure mode which is not modeled in the simulator is
that robots themselves can block communications. If one robot is positioned between
two others, for example, the two outer robots will have a high failure rate in their
communication. This is especially problematic for the expansion task, which depends
on robots being able to count their neighbors. A robot could calculate that it has
fewer neighbors than it really has because some of them are hidden behind other
robots. Underestimating the number of neighbors could cause a robot to become a
beacon when it should in fact remain a walker. This causes the density of the beacon
field to be too high, which reduces the amount of area the swarm can cover.

Communication Strategies

The robots in a multi-robot swarm need to communicate, but this communication
could be implemented in multiple ways. It need not be synchronous, it needs to
gracefully handle transmission losses, and it must scale well with the size of the
swarm.

For the experiments with the E-Pucks, the communication used TDMA. This
requires an external synchronization pulse, which was provided for these experiments.
TDMA is not a good solution for large swarms because it does not scale well. For
large swarms, a randomized backoff protocol would be more appropriate. In such a
communication scheme, each robot will first sample the communication channel to
determine if it is safe to transmit. If so, it transmits, and if not, it waits a random
amount of time before trying again. This solution scales easily to large numbers of
robots, but sacrifices communication reliability. It could happen, for example, that
there are so many robots wanting to transmit that one robot keeps delaying until its
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message is so old that it is deleted.
The communication unreliability of the random backoff can be partially mitigated

by logging previous communications. A robot would log every communication it re-
ceived in the last one second, for example. If a robot is receiving communications from
another robot somewhat regularly and the stream of messages is briefly interrupted,
the receiving robot could assume that the transmitter is still present by examining
the log. This would be useful in the sweeper algorithm, for example. If communi-
cation is briefly lost, or the communications get delayed because of repeated random
backoffs, two robots could deduce from their history that the other is still present,
and still calculate a virtual force between themselves.

Asynchronous communication using a random backoff system with logging is a
good solution for robot swarms. Unfortunately, the logic governing the use of the log
is algorithm dependent. sweeper would use the log to reconstruct lost transmissions
differently from the way gradient would use it. Perhaps a sophisticated communi-
cation layer could be written between the low-level communication protocol and the
algorithm to abstract these difficulties away.

5.1.4 Results Summary

One goal of this section is to answer the hypothetical question from an engineer
building a robot swarm: “how good do the robots need to be?”. The data provide a
partial answer. For the trail following task, it appears that building a communication
system which can only distinguish four possible reception directions and a movement
system with ±20% error is good enough, meaning that it will achieve performance
comparable to a robot with continuous bearing resolution. ±20% seems to also be
sufficient for the expansion task. Lastly, for the line formation task, quantization of 4
offers similar performance to continuous resolution, and even ±100% movement error
is acceptable.

Overall, robotic hardware offering±20% movement error and bearing quantization
of 4 yield mostly un-degraded performance, suggesting those are good design points for
swarm robots. Slight gains may be achieved by selecting ±0% over ±20% movement
error, or from selecting a continuous resolution over a bearing quantization of 4,
but these are only worth paying for if the cost of those higher–quality sensors and
actuators is commensurate with the small gain.

5.2 Robots without Bearing Measurement

The most complex piece of hardware assumed in the hardware model in section 2.1
is the range–and–bearing communication. Range–only communication would be much
simpler, but the algorithms were developed assuming bearing would be available.
In the analysis above, the number of bearing sensors was reduced to two, but this
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Figure 5.9: A kilobot.

section explores the consequences of removing bearing measurement completely and
using range–only communication. This section introduces a robot that has range–only
communication, describes an adaptation of the gradient algorithm for such robots,
and presents results from an implementation.

5.2.1 Kilobot description

The kilobot project, lead by Michael Rubenstein, aims to design and build a robot
which is simple and inexpensive enough to be produced in large numbers (hundreds
to thousands) but has rudimentary sensing, processing, communication, and motion
capabilities. The robot, called “kilobot”, is shown in Figure 5.9. Kilobots have a
diameter of roughly 2.5cm and stand roughly 2cm tall. They have three legs and
move using two vibrating motors. By differentially activating the two vibrating mo-
tors, the robot is capable of moving straight or turning left or right. Using a single
IR transmitter/receiver pair, the robots are able to communicate with and measure
distance to their neighbors. They are controlled with a basic onboard microproces-
sor. See [50] for more information on the kilobot design, usage, and sample algorithm
implementations.

There are several important differences between the kilobot hardware and the
hardware model used to develop the algorithms in this dissertation:

• The kilobots do not have bearing sensors. When receiving a communication
from a neighbor, they can measure the distance to the neighbor, but not the
bearing.

• The kilobots do not have bump sensors. There is no direct way for them to
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know if they are bumping into an obstacle or another robot.

• The ratio of communication radius to body size is smaller for the kilobots. The
communication radius to body length ratio is about 6 for the kilobots, but was
assumed to be 10 in the parameters described earlier (section 3.1 on page 36).

• The kilobots can turn left and right, but they do not turn around their center.
Instead, they rotate around one of their back legs. When the kilobot turns
right, for example, its right leg remains stationary and the robot rotates around
it, as shown in Figure 5.9.

The most significant of these differences is the first one, the lack of bearing informa-
tion.

5.2.2 Gradient Algorithm Adaptation

The gradient algorithm had to be modified from its form as presented in chapter 2
because the kilobots do not have bearing sensors. They can receive communications
from their neighbors and can measure how far each communicating neighbor is, but
can not measure the bearing. The critical capability that the bearing information
provided to the gradient algorithm was the ability to navigate to any transmitting
robot (usually the robot with the lowest gradient value) in its communication range.
In order to replicate that capability without a bearing measurement, a modified or-
biting behavior was used.

In the orbiting behavior, one robot stands still and transmits. Another robot, the
orbiting robot, receives the transmission and measures the distance to the transmitter.
The orbiting robot is moving forward, but does not know if it is moving toward the
transmitter, away from it, or orbiting it (such that the distance would not change).
The orbiting robot continues measuring the distance to the transmitter as it moves,
and calculates whether this distance is increasing or decreasing. If, over time, the
distance is increasing, the orbiting robot bears right, if the distance is decreasing it
bears left, and if the distance is not changing, it moves forward. This causes the
orbiting robot to orbit the transmitting robot in a clockwise direction.

This orbiting behavior can be used as a method of following a gradient. In a
field of beacons, all of which are stationary and transmitting their gradient values, a
walker robot could begin by orbiting the robot with the lowest gradient value it heard.
As the walker moved, it would come into the communication range of a robot with
a lower gradient value, then begin orbiting that robot. The diagram in Figure 5.10
shows an example of how this would be used to follow a gradient.

Another significant difference in the hardware capabilities of the kilobots is that
they do not have bump sensors. If there were an obstacle in the world, there would be
no way for a kilobot to sense it. If the obstacle prevented the robot from moving, it
would have no direct way to know that it was being stopped. The gradient algorithm
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Figure 5.10: A robot starting at the start point could use the successive orbiting
behavior, possibly combined with a spiral at the end, to reach its destination. The
dotted circles are not communication radii, they are simply drawn at the radius the
robot happens to start at relative to the first beacon it sees. The numbers next to
each beacon indicate possible gradient values that the walker is attempting to follow.

requires a bump sensor, however, so a virtual bump sensor was developed by defining
a virtual bump radius around each robot. In the kilobot tests, the only obstacles
were other robots, so if a robot detected another robot within the bump radius, and
that other robot was getting closer over time, the virtual bump sensor would trigger.
It is not sufficient to simply trigger a bump every time another robot is detected
inside the bump radius because the potential obstacle could be behind the robot.
This virtual bump sensor requires keeping track of the distances of all robots within
the communication range and recording that information over time, so that if any of
them enter the virtual bump radius, it is known whether they are getting closer (and
so probably in front) or not (probably behind). Note that this bump sensor is not
perfect and can misfire, registering a virtual bump when the robot is actually not in
danger of bumping. This could occur, for example, when a robot sees another robot
approaching slowly from the side.

With these two modifications—using the orbiting behavior to track gradients and
using the virtual bump sensor to avoid collisions—the gradient algorithm could be
implemented on the kilobots. These modifications have a negative impact on the
performance of the swarm, and to assess this impact, the modified gradient algorithm
is compared against the “real” gradient algorithm in simulation with parameters
changed to reflect the dimensions of the kilobots.

While it is possible to adapt the gradient algorithm for use on the kilobots, it
is not possible to adapt the sweeper algorithm. Both algorithms require bearing
information, but they use the bearing information in different ways. gradient needs
bearing information in order to navigate to a desired beacon in order to follow the
gradient trail. If there were another way to follow the gradient trail, gradient could
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operate without a bearing sensor. This is exactly what the adaptation does; it substi-
tutes a different method for following the gradient, eliminating the need for bearing
sensors. sweeper, on the other hand, uses bearing information to perform vector
addition of virtual forces in order to calculate the virtual force on itself. This requires
knowing the bearing to the neighbors and there is no easy substitute, so sweeper can
not be implemented on robots without bearing sensors1.

5.2.3 Results

Figure 5.11 shows the test setup. A collection of kilobots are clustered around the
nest marker (shown in red), and the food marker (green) is placed a specific distance
away. Figure 5.12 shows snapshots of the swarm of kilobots as they run the modified
gradient algorithm. The swarm follows a similar pattern to the previous gradient

algorithm—they expand, find the food, and return it bit–by–bit. One important
behavior difference is that the walker robots usually do not move between two beacons,
instead they go around the perimeter. This behavior is shown in Figure 5.13, which
shows the beacon field of a sample run with the path of a single walker superimposed.
Because of the lack of a forward facing bump sensor, the robots must use a virtual
bump sensor which is less precise and sometimes triggers when it shouldn’t. In order
for a walker to be able to walk between two beacons, it must be very close to the
centerline dividing the beacons so that it doesn’t trigger a bump from either of them.
This is rare, so usually the bump sensor triggers causing the walker to avoid both
beacons and go around.

The test conditions used to evaluate the performance of the modified gradient

algorithm on the kilobots are slightly different from those used earlier, because of
the reduced hardware capabilities. The communication radius of the kilobots is ap-
proximately 10cm. To test the effect of the nest–food separation, the food is placed
between 1 and 3 communication radii away from the nest and the amount of food that
the robots return to the nest in 20 minutes is measured. These results are compared
against the gradient algorithm in simulation, with the robot size and communication
radius changed to match the parameters of the kilobots.

Data from these experiments is shown in Figure 5.14. When the food is very close,
the kilobots always find it, as expected. As the food gets further away, the success
rate goes down, until the food is 3 communication radii from the nest, at which point
the swarm can never find it. The real gradient algorithm has a similar trend. The

1It is actually possible to estimate the bearing to a neighbor without using bearing sensors. It
can be done by taking multiple measurements of the distance at different locations, assuming no
other robots are moving, and trigonometrically calculating the relative location to the target. This
requires stationary neighbors, accurate moving and turning, and time to complete the calculations.
It is too complex, brittle, and inaccurate to be useful in this situation. In another scheme, a global
coordinate system could be theoretically established from distance–only measurements if all robots
were participating. This is a topic of current research.
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(a) (b)

Figure 5.11: The starting configuration for the kilobot tests. The test area, shown on
the left, is approximately 1.3m2. The detail on the right shows the cluster of robots
before the run begins. The robot marked in red marks the nest, and the one in green
marks the food.

start expansion

food is found walkers return the food

Figure 5.12: Several snapshots of the modified gradient algorithm running on the
kilobots. The path that walkers take when returning food can not be seen in the
lower right image, but is shown in Figure 5.13.
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Figure 5.13: The middle images shows beacon fields. In the images on the right, all
walker robots have been digitally removed from the image except one, and the path
of that single walker robot has been superimposed. This shows the preference of the
kilobot walkers to go around the beacons rather than threading through the field.
For comparison, the gradient algorithm is able to cut a more straight path because
of its better bump sensors.
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Figure 5.14: Plots showing results from the kilobots (no bearing, virtual bump sensor),
compared against the gradient algorithm (in simulation with full bearing and bump
sensing). Each kilobot point represents 4 runs and each gradient point represents
30 runs. To compare the times at which the food was first found, a rough equivalence
of 1 second ≈ 4 simulator time steps was used.
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kilobots also exhibit the expected trend when measuring the time the food was first
found by the swarm. When the food is within a communication radius of the nest,
it is found almost immediately. As the food gets further away, it takes much longer.
Lastly, the total amount of food returned also shows the expected trend with one
exception. When the food is very close to the nest, the kilobots have slightly reduced
performance. This is because of congestion, combined with the poor virtual bump
sensor. With so many robots, the walkers spend nearly all of their time avoiding
each other. This problem is aggravated further by the fact that the virtual bump
sensor triggers too often, especially with so many robots. The gradient algorithm
would also suffer a bit from the congestion problem when the food is so close, but
because of the real bump sensor and better homing capabilities (using real bearing
measurements), the robots can more accurately avoid their neighbors and traverse
the very short path.

In each case, the kilobot gradient algorithm underperforms the real gradient

algorithm in the simulation. This can be interpreted as a rough estimate of the
performance impact of excluding bearing information and a bump sensor from the
sensor array. The lack of these two sensors forced modifications to the algorithm
which reduce performance. The reduction is significant. Without these sensors, the
robots return roughly half of the food and take longer to find it.

5.3 Summary

This chapter explored the connection between algorithms and hardware. First, the
relationship between hardware quality and algorithm performance was studied. On a
swarm of E-Pucks running common swarm primitives, the quality of the communica-
tion and locomotion was degraded and the performance was measured. Reductions
in hardware quality lead to reductions in swarm performance, but only when the
hardware quality reduction is severe. Next, a modified gradient algorithm was run
on a swarm of kilobots. Kilobots do not have the capability to measure bearing on
incoming communications, nor do they have bump sensors. The reduced hardware
capabilities of the kilobots led to reduced performance of the swarm, but it was still
able to function decently.

The relationship between hardware and swarm performance is important to un-
derstand as robotics moves toward swarms of smaller and more hardware–constrained
robots. Eventually, the aim is to implement swarm algorithms on very small robots
[1] on which sensor and actuator precision is quite expensive. Algorithms which can
work on robots with low quality sensors and actuators will be more widely useful.

The contributions discussed in this chapter are:

• A reduction in sensor and actuator capability, at least for the sensors, actua-
tors, and algorithms tested here, causes a reduction in performance. However,
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this reduction is only observed when the hardware quality has been severely
degraded.

• The results suggest that robotic hardware offering ±20% movement error and
bearing quantization of 4 is a good design point. The hardware is far from
perfect which makes construction and maintenance easier and less expensive,
but the algorithm performance is not strongly degraded.

• The gradient algorithm is not tied to the robot model for which it was devel-
oped; it can be adapted for the different hardware capabilities of the kilobots,
and runs successfully.



Chapter 6

Conclusion

This dissertation is concerned with distributed multi–robot foraging in the simple
robotic hardware regime, and the connections between the hardware capabilities of the
robots and the swarm algorithms that they run. This chapter will briefly summarize
what has been presented and will provide some thoughts on possible directions for
future work.

6.1 Summary

Multi–robot swarm systems can be designed using a variety of types of robots,
and this dissertation is concerned with robots with simple hardware capabilities. The
robots are assumed not to have global positioning and communication capabilities,
and instead must rely on local communication and sensing in order to coordinate.
The robots communicate using local range–and–bearing communication, although
the consequences of removing the bearing measurement are also explored. The algo-
rithmic focus is on distributed foraging algorithms for swarms of simple robots.

This dissertation can be roughly broken down into three parts:

• Chapters 2 and 3 developed and analyzed three distributed multi–robot for-
aging algorithms, called the VP, gradient, and sweeper algorithms. VP is in-
spired fairly directly from the foraging behavior of ants, with the exception that
robots themselves act as pheromone locations (“beacons”) and these virtual
pheromones are laid and detected through direct local robot–robot communica-
tion. This change was necessary because the robots can not deposit a chemical
pheromone. The gradient algorithm is a similar but purified version of the
VP algorithm, replacing real–valued decaying virtual pheromones with integer–
valued gradient levels. This is a simpler algorithm and it generally performed
better than VP. Finally, the sweeper algorithm uses the range–and–bearing com-
munication to create virtual spring–like forces to form a line of robots. This

88



Chapter 6: Conclusion 89

line forms a search front and sweeps the world like the hand of a clock searching
for food. If food is found, it returns the food to the nest along the search front.

• Analysis in chapters 2 and 3 showed that the gradient and sweeper algorithms
each worked best with different nest–food locations, which led to chapter 4, in
which a method is devised to allow the swarm as a whole to recognize which
algorithm would work best for the given situation and switch to it. The resulting
adaptive algorithm outperformed the others because it was able to choose the
most appropriate algorithm for the given nest–food separation.

• Chapter 5 explores hardware implications from two perspectives. First, it ex-
plored the design tradeoff between hardware quality and algorithm performance.
Lower quality hardware will make the robots less expensive and easier to con-
struct, but may reduce the performance of the swarm. To measure this tradeoff,
several common swarm algorithm primitives were run a collection of robots and
their movement precision and bearing measurement precision were reduced in
several steps. At most tasks, the swarm can function well with significantly
reduced hardware quality. The range–and–bearing communication is the most
restrictive part of the hardware model used in this dissertation, and the next
part of the chapter explores the consequences of removing the bearing measure-
ment completely. It discusses results from implementing the gradient algo-
rithm on a swarm of robots with no bearing measurement. These robots have
less hardware capability than the gradient algorithm was designed for, which
required modifications to the algorithm and penalized the performance. The
sweeper algorithm could not be adapted for these robots at all because of their
lack of a bearing sensor, which is critical for that algorithm.

6.2 Future Work

There are many interesting possible extensions of the work presented here, as well
as applications to other areas of swarm robotics.

One obvious extension of the gradient algorithm would be to develop a method by
which useless beacons can be reclaimed. If the food is near the edge of the expansion
radius of the swarm, then there will only be a few robots left as walkers to return the
food and most of the robots will be beacons. Most of these beacon robots, however,
will be useless. They will be far away from both the food and the nest and no walker
robots will ever use them. It would be useful if these beacons could realize that they
are useless and become walkers again. There are two basic problems: beacons need
a way to know if they are useless, and if they are useless they need to know if it
is safe for them to walk away without leaving other beacons stranded. It would be
best to solve each of these problems without adding additional communication. A
simple algorithm can be designed for beacons to detect if they are at the edge of
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the field1, but this alone is not enough for the beacon to decide that it is useless
because a walker could still be using the beacon to navigate. Solving these problems
with minimal additional communication is a good area for future work, and would
probably increase performance in some situations.

An interesting area of future work for the algorithm switching behavior would be to
implement the framework in a more general setting involving dynamic environments.
The swarm tries algorithms A, B, and C in sequence, and after it has decided that
A is not the best algorithm, it does not return. In a dynamic world, though, food
could appear in a position for which A is best. In this case, the swarm would need
to continually sense the environment and potentially switch from any algorithm to
any other. Implementing a more general algorithm switching behavior capable of
operating in dynamic worlds is a good area for future work.

Dynamic worlds in general are a good topic to be explored because they are much
closer to reality. A swarm of microrobots deployed in a real application will almost
surely find a dynamic working environment. They must be tolerant to this, and be
capable of responding to new situations.

Of course, the area of future work that this dissertation ultimately drives at is
to implement swarm foraging algorithms on a very large swarm of real robots. The
kilobots used in Chapter 5 are promising, as are the many microrobots under current
development. However, when considering robots which can potentially operate on
uneven terrain, walk up walls, or even fly, some modification to the communication
or foraging strategies may be required. In the work in this dissertation, the robots
were assumed to be operating in a flat 2D environment. In such an environment,
the straight–line distance between two robots (which is what the range–and–bearing
communication would measure) is roughly equal to the distance one robot would
actually have to travel to reach the other. This is not the case in more complex
environments. Figure 6.1 shows some examples. If robots can climb up walls, for
example, a walker on the ground can not traverse the straight–line distance to a
beacon on the wall, even though the operating environment is still topologically 2–
dimensional. With flying robots, the situation is even more complex. It is likely
that with flying robots, beacons would decide to land, rather than hover in the air
transmitting. In this case, there would be a beacon field on the ground, with walkers
(which should now be called “flyers”) operating above them. Again, the straight–line
distance from a flyer to a beacon is not the path the flyer would actually take to reach
that beacon in the course of following a gradient. The flyer would probably maintain
some constant altitude, using the beacons as waypoints.

1For example, the beacon could add both of its gradient values (call this mySum), add both of the
gradient values from each of the other beacons it can hear (call this list theirSums), find the largest
value in theirSums (call this theirMaxSum), and test if mySum > theirMaxSum. If so, the beacon is
on the perimeter. Interestingly, a similar algorithm can be used for a beacon to decide if it is on
the shortest path between the nest and the food. This is the case if mySum < theirMinSum. Notice
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Figure 6.1: Examples of several environments in which the straight–line distance
between a walker and a beacon is different from the path that the walker must actually
take to follow the beacons. (a) shows the case of robots which can walk and perch on
walls. (b) shows a complex terrain which distorts path lengths and can hide beacons.
The straight–line distance is not always shorter than the path they walker would take,
as shown in (c).

It is possible that the walkers could still use the same algorithm, ignoring these
effects. The purpose of the beacon field is not to estimate the distance between the
walker and any other point. Instead, the beacon field provides a navigational aid. It
tells the walkers which direction to move in, not necessarily how far they will have to
go. With this in mind, the walkers should just move in the direction of the beacon
they want to move to, and hopefully they will eventually reach it. If the walker does
not reach the intended beacon for some reason, then it will be in the range of other
beacons or it will become a beacon itself. The gradient algorithm, at least, should
be tolerant to the effects of non–flat environments. The sweeper algorithm, however,
will not be. That algorithm relies explicitly on the straight–line distance between
robots, so it will behave incorrectly in the presence of walls and hills.

There are other concerns that robots will face in real environments that they
did not in the simulations and experiments in this dissertation. Perhaps the most
important one is energy management. Robots should be able to measure the amount
of energy remaining in their battery and recharge when necessary. If recharging
requires returning to the base, then the algorithm needs to be tolerant to robots
suddenly leaving the field and going home. They could be dynamically replaced by
fresh robots, but this needs to be handled. If power can be transferred between
robots, then perhaps a new role should be defined in addition to walker and beacon.
Robots in this new role could pick up energy at the nest, bring it to the robots in the
field, and return for more. If robots can simply harvest energy from the environment
(with solar panels, for example), they must be sure to do that periodically (which
may not be so simple, if they need to find a sunny area, for example). In any case,
with real robots, energy management needs to be built into the algorithm.

that both of these decisions can be made without any additional communication.
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