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Abstract

Natural swarms have inspired the development of artificial swarming systems capable
of solving a wealth of problems across numerous areas, including robotics, optimiza-
tion, finance, organizational study, and beyond. The intriguing collective behaviors of
eusocial animals—insect colonies, flocks of birds, schools of fish—have left researchers
wondering “What governs the swarm? Who provides the instructions to direct and
control the swarm?”. A key answer is that these systems exhibit a unique form of intel-
ligence, a collective intelligence dubbed swarm intelligence.

Swarm Intelligence, a relatively new term, was first coined by Beni and Wang in 1993,
while they were working on cellular robotic systems. Different groups of researchers
like biologists, roboticists, computer scientists, and physicists have since built upon
this definition, from the perspective of their own discipline. This has led to multiple
non-unified definitions of the concept of swarm intelligence, which can have an ad-
verse effect on the advancement of swarm intelligence and swarming systems. For
instance, apparently simple questions like “Does this system possess swarm intelli-
gence?”, “How (swarm) intelligent is this system?”, and “Is system A more (swarm)
intelligent than system B?” are absolutely nontrivial. This points to the lack of a form
of quantification of swarm intelligence. On the swarming system design front, recent
works have also suggested that there is a need for standardization in its design method-
ology. A benchmark problem would seem to be a reasonable and much needed solu-
tion to enable the comparison of swarm intelligence across various systems, such that
further improvements to the system can be made.

This thesis aims at: (i) revisiting the concept of swarm intelligence, (ii) proposing a
quantification of swarm intelligence, (iii) developing a benchmark framework, and (iv)
performing a quantitative study of the transferability of swarm intelligence from one
problem to another.
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Chapter 1

Introduction

1.1 Swarming systems

Social insects are intriguing and have fascinated many naturalists, biologists, social sci-
entists, and have been a source of inspiration for roboticists, and even poets. “What
is it that governs here? What is it that issues orders, foresees the future, elaborates
plans, and preserves equilibrium?," wrote Maeterlinck [2]. Every agent seems to have
a different agenda, and yet the colony, as a whole, exhibit some levels of organization.
Such self-organized collective behaviors observed in insect colonies and social animal
groups, emerge from simple and repeated local interactions among entities [3]. If one
takes a micro-perspective, these entities—a.k.a agents such as ants, schooling fish or
flocking birds—are indeed complex in the way they process sensory inputs, commu-
nicate (directly or indirectly) with fellow agents, and form local decisions that drive
their actions. Yet, this agent complexity cannot in itself explain the complexity of the
workings of the group. As a swarm, the individual agents are governed by a set of local
rules that make use of locally gathered information to determine their actions in order
to achieve a global objective. In such a complex system, it is often rightfully said that
the whole—i.e., the emergent behavior— is more than the sum of its parts.

Swarming systems display a number of sought-after features like: (i) decentralization—
i.e. the absence of a leader that controls the entire swarm’s behavior, instead it emerges
from self-organization, (ii) local perception leading to global knowledge by means of
effective distributed information sharing, (iii) robustness—i.e. the ability for the system
to continue functioning despite sub-system failures, (iv) scalability, (v) adaptivity—i.e.
the ability to learn/change behavior to respond to new operating conditions, and (vi)
flexibility—i.e., the capacity to solve problems/perform tasks in a changing environ-
ment.

Decentralization and local perception suggest that the system does not have a single
point of failure or potential information transfer congestion, which are the key ingre-
dients for a robust and scalable system. Moreover, when considering agents that are
simple enough, an economical argument can be made: it costs lesser resources—e.g.
financial or computational resources—to produce these agents, and ultimately the sys-
tem. It is often stated that a "high” number of agents (/V) is required to make a swarm.
However, it is important to note that the absolute size of the swarm N is not deter-
ministic of how scalable the system is. From our work, we have shown that IV has to
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be considered within its operating domain and operating conditions. For example, in
the scalability experiment detailed in Chapter 3, it is reported that collective perfor-
mance deteriorates as IV increases, any more agents than 8 will not largely improve the
system’s performance. Finally, flexibility and adaptivity arise from a combination of
perception, information transfer, local decisions based on local rules that allow swarm-
ing systems to deal with dynamic environments and changing goals. It can be argued,
that flexibility and adaptivity are the central features of swarming systems. Features
like robustness and scalability can still be achieved if a system that is not swarming. In
other words, without flexibility and adaptivity, there is no swarm.

1.1.1 Biological swarms

In the different collective organizations that exist in nature, repeated local interactions
is key for collective behaviors to emerge. In nature, there are numerous methods of
interaction that exist, and they can be broadly classified into two groups: direct interac-
tions and indirect one. Direct interactions consist of physical contacts, direct visual ob-
servations of agents, etc. Indirect interactions, key to stigmergy—i.e. altered environ-
ments which signal to other agents to change their behaviors, for example pheromones
deposited by ants to lead others to the various food sources. Self-regulation, forag-
ing, flocking, and schooling are some examples of such collective animal behaviors.
In what follows, we rapidly examine a few commonly studied natural swarming sys-
tems.

Ant colonies

Ant colonies are eusocial communal—i.e. the highest level of organization of social-
ity. These colonies performs cooperative brood care, multiple adult generations within,
and a division of labor into reproductive and non-reproductive groups. Since hatching,
each ant seems to know its role in this complex community that it is living with. Al-
though there is a “leader" queen ant, it does not provide any instructions to the newly
hatched ants that they can follow for the rest of their lifetime. Neither does the colony
provide an orientation to the young ants. In such a heterogeneous swarm, the individ-
ual ants execute distinct functions within the colony. This can differ across different
species of ants, but generally the colony will be described as the following.

During the early stages of forming the colony, the queen flies around to look for its
mate. Once they mate, the queen will shade off its wings and starts forming a colony.
It uses eggs, fat, and wing muscles to survive the first phase until the earliest workers
come into existence. From there the queen will live in a chamber deep within the colony
where it will perform its key function of laying eggs and mating with the males to
continue expanding the colony.

The worker ants perform the role of maintaining and helping the colony to survive.
There are multiple tasks for the worker ants within and outside of the colony. The
workers that are inside the colony most likely will stay their throughout their life-
time. From within, the workers run a complex waste management system that keeps
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the colony extremely clean and free of mold. They will dedicate an area for dumping
waste—i.e. food waste, faeces, and even dead ants. They will also care for the brood by
feeding and cleaning them. The worker ants stomach is a shared property, sometime
named as the “social stomach", where they collect and store food and can regurgitate
food to the rest of the colony back in the nest. It is interesting to know that different
classes of brood will be fed differently by means of a brood recognition mechanism [4].
For example, the worker ant brood will be fed lesser than a queen ant brood. On the
outside, the worker ants traverse the environment and forage for food. The mechanism
of which the workers gather food for its colony is being widely studied as Ant Colony
Optimization (ACO), mimicking the process of depositing pheromone and for others
to maneuver back and forth between food sources and the colony.

Note that a colony’s workload and its division of labor does not stay static. Some
studies have shown that the dynamic division of labor within an ant colony depends
extensively on its size. For instance, during an early stage of the colony, more worker
ants might be focusing on expanding the physical nest than to care for the broods.
This can then be an environmental cue for the queen to decide the fertilization process,
yielding different ants—e.g. fertilized eggs will hatch a female worker ants to maintain
the colony, while non-fertilized eggs will hatch to be male ants with a single purpose
of mating with the queen [5]. Such a division of labor is an apparent display of swarm
flexibility. When the worker ant is discharged of its duty of caring for the brood, it can
move on to perform other tasks like cleaning. Sometimes, this discharge is due to the
age of the worker ant, the older the ant is the further its role will be further away from
the queen. Other worker ants can also join the foraging sub-colony when the situation
requires it, e.g., when the colony needs more food.

Bee colonies

The organizational structure of a bee colony is very similar to that of ant colonies. The
queen, male drones and female workers have similar functions, except for some be-
haviors that are different. The queen bee defines its colony by producing a unique
scent that every bees within its colony will pick up. This scent becomes the bees” hive
identity, distinguishing itself from the other neighboring hives. The queen bee like the
queen ant, lays unfertilized eggs. Depending on the dynamics of the colony, the queen
bee can regulate the ‘output’ of its fertilizing process—i.e. controlling the number of
male drones, female workers, new queens—for the benefit of its colony. Before the
queen bee is able to fertilize, it needs to make its maiden mating flight, and it will be its
last. During this flight, it will fly far away from its hive looking for a gathering of male
drones [6]. The purpose of a far flight is to prevent inbreeding which over time can
weaken the colony [7]. During this far-away flight, the queen will mate multiple times
and store enough sperm for the rest of its lifetime. Bees do show high levels of self-
regulation or self-organization—e.g. during a time when the colony is over-populated,
the old queen bee with half the bees population will leave the hive in swarm and search
for a suitable location to build a new nest.

Similar to worker ants, the worker bees also perform multiple tasks in maintaining and
ensuring the survival of the colony. Some of the worker bees will care for the brood,
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feed the brood by mixing their unique concoction of pollen, nectar, honey and some of
their saliva to create pellets of “bee bread”. As the bee bread ferments, it becomes eas-
ier for the brood to digest. While some feed, the other worker bees goes out to forage
for various food sources. The worker bees perform two foraging work concurrently,
to collect from two distinct nutrient sources in the form of pollen (nitrogen) and nectar
(energy). Studies have shown that these two foraging activities depend on different
factors. In [8], they found that nectar foraging does not depend on the honey storage
levels within colonies. Individual foragers did not change their foraging behavior in
response to the colony’s honey storage level. However pollen foraging activity is ex-
tremely sensitive to the colony state. Pollen foraging behavior is modulated by two
stimuli: (1) the presence of brood and young larvae, and (2) the quantity of stored
pollen [9].

The complex inner mechanisms of bee colonies foraging have inspired numerous works
around the “Artificial Bee Colony” (ABC) optimization. This mechanism involves
worker bees performing different sub-tasks to achieve a collective behavior. Gener-
ally there are three division of foraging worker bees involved: the scouts, employed
and onlookers. Initially, the scouts will perform random flights around its nest to look
for potential food sources. When a scout finds a food source, it will become employed
to this particular food source. In other words, it will always return to this food source
until it decides to quit [10]. Each time this employed bee returns to the hive with food,
besides passing the food to the relay bees—bringing the food deeper into the hive— it
transmits information to other colony members by means of a waggle dance. As part
of this dance, it encodes location, predatory factor and profitability of forage sites. This
decoded information will either encourage or discourage onlooker bees to follow the
employed bee to the designated food source to bring back more food. Interestingly,
in [10] it is mentioned that there are other means of social information—i.e. tremble
dance (food storer activation) and the stop signal (forager inactivation)—that may af-
fect the foraging activity. These bees not only function as gatherers of food for their
colonies, but also as sensory units gathering information for the colony.

When the quality and amount of food source is depleted, an employed bee may “re-
sign” and become a scout bee to traverse the environment and search for new food
sources. Bees have one of the best navigation systems in the natural world. It is able to
constantly traverse to its flower destination even when the environment changes. Cur-
rently, there are multiple models proposed mimicking the bee navigation strategy—
e.g. some studies suggested that the bees use a mechanism called egocentric naviga-
tion which is based on direction responses and actions independent of environmental
ques [11, 12].

Flocking Birds and Schooling Fish

In Figs. 1.1a and 1.1b, swarming systems like a school of fish milling in the ocean and a
birds flocking display awe-inspiring collective behaviors. Such collective movements
like flocking and schooling, observed in birds or fish respectively share numerous uni-
versal characters, and often are defensive in nature. Although the complete set of func-
tions associated with such swarming behaviors is still being discussed, the defensive
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mechanism of swarming is clearly established: it ensures that no individual stand out
to their predators, becoming an easy target. As a swarm, they can benefit from its
visually larger size to fend off potential predators.

(A) A school of Barracuda swimming. (B) A flock of birds in the United Kingdom.
Credit: iStock Credit: Unsplash/James Wainscoat

These large groups of animals move cohesively through space as they maintain distance—
i.e. repulsion and attraction—from each other while also aligning their direction of
travel. It has only recently been confirmed that there is no single central entity that
instructs the other agents about the speed and direction of travel—i.e. the dynamics
of the agent. Instead, these agents adjust their speed and direction of travel solely
based on their observations of a few neighboring agents—i.e. purely based on locally
acquired information.

1.2 Swarm Intelligence

We have briefly introduced the intriguing and awe-inspiring capabilities of biological
swarms that exhibit unique collective behaviors. Over the past three decades, the intel-
ligence of these collective systems has been studied, formalized and discussed. These
collective behaviors exhibited, without a central command, have suggested that there
may be some form of intelligence in these systems. In [13], Beni et al. first attempted to
define the intelligence of cellular robotic systems and coined the term “Swarm Intelli-
gence”. The term caught the attention of the community studying swarming systems.
Thereafter, many researchers have also attempted to define swarm intelligence in their
own way. These definitions vary depending on the field of study and according to
different perspectives of naturalists, biologists, physicists, computer scientists, engi-
neers and roboticists. Although there are a few elements that transcend disciplines and
perspectives when it comes to defining swarm intelligence, there are also a number
of issues that can be misleading and hamper future works on swarming systems or
swarm intelligence.

In these definitions, we have seen the use of "swarm intelligence" interchangeably with
"swarm/collective behaviours". Firstly, intelligence does not equate to behaviors. Be-
haviors are exhibited and can be observed, quantified, and evaluated. On the other
hand, Intelligence is the intellectual capability, which is marked by complex cognitive
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feats and high levels of motivation and self-awareness [14]. Ironically, we need to ob-
serve and evaluate the behaviors in order to attempt to quantify intelligence. Drawing
an analogy from human intelligence, for example the concept of Intelligence Quotient
(IQ) test is to put candidates through the test to measure their reasoning ability . The
questions were designed to probe the candidates’ intelligence; putting the candidates
in an environment that requires them to use their intelligence. Likewise, we can only
say that swarm intelligence is approximately swarm behaviors given the right environ-
mental conditions illustrated in eq.1.1.

.. SwarmlIntelligence = SwarmBehavior, given the right environment (1.1)

In another trend, we have seen that Swarm intelligence is often portray as collective
behavior that is decentralized and self-organized. The effect of this is eminent as we
observed some swarm research work revolving around consensus study and order in
swarm. The concept of "self-organization" emerges in the 1600s, starting with René
Descartes, a philosopher studying ancient atomism. This proposed idea take its place
in physics, chemistry and biology. Self-organization is defined as a process where some
form of overall order arises from local interactions between parts of an initially disor-
dered system. It is true that the order we see emerging from natural swarming systems
are fascinating and conspicuous, but does it speaks of their collective intelligence? If we
solely measure order as an indication of the level of swarm intelligence, we have to be
mindful that we can be blind-sided. One reason being, order can be implemented with
a top-down or a bottom-up mechanism—i.e. centralized and decentralized system can
both be ordered but achieved in a different way. In reality, often systems combine both
types of ordering mechanism. However, even between the two extreme types of global
ordering it is not trivial to discriminate between them [15]. This will not facilitate the
idea of defining and quantifying swarm intelligence allowing for comparisons among
systems. Instead, in [15], Cavagna et al. has suggested observing another signature of
swarming systems, collective response, to determine the systems’ self-organization—

i.e. a feature of Swarm Intelligence. This argument will be expounded in Chapter
2.

The lack of unified definition of swarm intelligence can potentially create confusion
and slow the research efforts in swarming studies. This problem is eminent when we
attempt to answer questions like "Does this system possess swarm intelligence?", "How
(swarm) intelligence is this system?", and "Is system A more (swarm) intelligent then
system B?". These questions are often left unanswered. The current trend that we
have observed is often that we apply swarming principles, algorithms, etc. to solve
a problem, and we say that "Yes, it works. Ant Colony algorithm solved our path
planning problem." It is not trivial to determine how well it worked. In order to propel
swarm studies to forward, we reckon the need to properly understand and quantify
swarm intelligence. There is a need for comparison among swarming systems, for
the community to confidently say that one system out-performs another system. This
new understanding will allow the community to identify areas of improvement to the
current swarming systems. In Chapter 2, the idea of swarm intelligence definition and
quantification will be expounded.
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1.2.1 Artificial Swarm and Swarm Intelligence Applications

The first work that surfaced as an artificial swarm is a work by Reynolds C. named
as the Boids [16], which is a simulation developed to study the flocking behaviors of
birds. This model showed the emergence behavior from the interaction of the individ-
ual agents following a set of simple rules. These rules are (1) separation, (2) alignment,
and (3) cohesion. This work has contributed massively to the understanding of swarm
emergence behavior and from here other extension models like Vicsek model [17] is
developed.

In the same year, in 1995, Kennedy et. al. [18] developed the Particle Swarm Opti-
mization(PSO), also intended for the study of simulating social behavior of movement
of a flock of birds or a school of fishes. Soon, PSO has found its utility in the area
of optimization. This work then drives various works on PSO variants, attempting
to improve the performance of this meta-heuristic optimization approach and it has
continued to inspire the development of swarm-based optimization algorithm like the
Ant Colony Optimization (ACO), Artificial Bee Colony (ABC), and more. These approaches
have gradually became popular because of its simplicity in the implementation of these
meta-heuristic algorithms, even though it can only provides sub-optimal performance,
it is extremely useful when the problems we faced are getting more complex.

These knowledge in Swarm and Swarm intelligence eventually found its way to the
world of robotics—i.e. Swarm Robotics. ACO and PSO were the first two swarm-based
optimization that researchers attempted to apply into real world applications, in fields
ranging from simulation and prediction of crowd behavior [19] to telecommunications
[20]. However, the initial development of swarm robotics was faced with challenges of
applying swarm algorithms to existing robotic platforms. It requires more than simply
applying swarm algorithms, there are many considerations on the robotic part of the
research that requires the community to rethink about traditional robotic activities like
perception, control, localization, and the design of the multi-robot platform.

The development of swarm robotics started in the early 2000s, where the works fo-
cused on using robotic swarm to mimic the known behaviors observed in social in-
sects like foraging, clustering, etc. There are works that also replicate the dynamics
of observed in natural systems—e.g. clustering in cockroaches [21], which leads to a
mixed biological-robotic society [22]. Robotic swarm does contribute to the study of
some natural phenomenon observed like the shortest path between a nest and a food
source.

There were a few projects that contributed to Swarm research by bringing international
research groups together to further the development of swarm. Swarm-bots project
[23] (2001-2005) is an initiative to bring the international community together to in-
vestigate cooperation in a swarm of robots. This project featured a swarm of up to 20
self-assembling robots that can connect with one another to form different structures.
It was used to study swarm behaviors such as collective transport, area coverage and
object search [24], [25]. Swarmanoid project (2006-2010) is an extention work from
Swarm-bots project to explore the concept of heterogeneous robotic swarms that con-
sists of flying, climbing, and ground robots that can collaborate to carry out a search
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and retrieval task [26]. In 2019, Kit et. al. [27] also presented a multi-robot system
(ground-based and climbing) to perform a task of collective mapping across multiple
floors in an urban setting.

In the last decade, robotic hardware have seen improvement that can benefit the devel-
opment of robotic swarms, for example improved processors, sensors, and wireless net-
work technologies. This led to a huge step forward for robotic swarms as researchers
can now develop smaller, yet powerful, robots. Kilobots is one of the leading work that
have seen the physical number of robots in the system soar to as high as 1000 units
working together. It demonstrated the large robot swarm designed to perform shape
formation [28] and later being used as an open platform to allow other researchers to
demonstrate and study properties of swarms. Swarm robotics were not only limited to
ground platforms, there were also works that considered working condition of aquatic
surface [29, 30], underwater [31], as well as flying [32, 33].

Beyond the horizon of optimization and robotic swarms, Swarm Intelligence has also
found its utility in business organizational study, in areas of human resource manage-
ment and knowledge transfer. In [34], there is a case study of how Jim Donehey, when
he was CIO of Capital One, attempts to move away from a traditional micro-managing
style. He made use of the concept of implementing simple rules to govern his IT de-
partment. He also made use of gaming chips as a form of reinforcement of the rules
to give employees reward if they followed the rules. After a year, Donehey claims that
these rules unified his group, and also empowered his staff to make decisions om their
own and work with little top-down management. The result: the attrition rate is below
4%, compared with 20% for the IT industry as a whole.

It is also interesting to learn that in organizational learning, the concept of self-organization—
i.e. exploration and exploitation—comes into play. As the organization desire to progress,
the area of learning is important. Gaining knowledge can help to improve the work of
its employees, improve current products, and also to bring about new innovations.
In order for the employees to improve, they can learn from one another within the
organization and also learn from an external source. When learning from within the
organization—i.e. from senior employees, other colleagues, or other departments—it
is said to be exploiting information that exists within the organization. While learn-
ing from external sources—i.e. learning through workshops by other organizations,
conferences, etc.—it is said to be similar to exploring new information. Therefore
the organization are actually performing a balance of exploration and exploitation of
information—i.e. knowledge.

1.3 Research Questions

Although SI or swarm research have progressed to a point of where SI is applied to
solve problems in our physical world, a formal swarming system design methodology
has yet to exists. This is evident with recent works focusing on creating a formal design
methodology [35, 36, 37] such that a standardize design guideline can be achieved to
facilitate researchers and engineers in the development of SI solutions.
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On this swarming system design and development front, there are two research gaps
that we have identified. Firstly, as discussed before, there is a lack of quantification of
Sl—i.e. how can we measure SI?—to measure the intelligence(swarm) of a swarming
system. This element is important as comparisons can aid in the improvement of the SI
through its design and development phases. The multiple perspectives of SI gave rise
to the multiple SI definitions, which presented themselves as non-unified definitions of
SI, could have indirectly contributed to this lack. Furthermore, from these definitions,
quantifying SI may not be as straight forward as the definitions proposed did not take
quantification into its scope.

Paired with the the quantification of SI, a benchmark tool can further facilitate the de-
velopment of SI strategies, which is also desired [37]. Benchmark problems have ex-
isted in areas like machine learning and optimization. The "toy” problems provided a
standardize reference for users to evaluate their solutions. Therefore a properly de-
signed benchmark framework tool can be beneficial in many ways, (i) standardize
method of SI comparison, (ii) measure, analyze and compare SI, (iii) it can expose hid-
den areas of algorithm, which can only be probed by specific environment, to evaluate
its performance, and (iv) a fast prototyping method to tune and evaluate algorithms
even before applying to a physical system.

These research gaps and opportunities led me to the following research question(s)
which governs the work within this thesis.

RQ: How can Swarm Intelligence be quantified and compared among systems?
SRQ1: What is Swarm Intelligence?
SRQ2: How can Swarm Intelligence be quantified?

SRQ3: How can we develop a benchmark framework to evaluate and compare Swarm
Intelligence of different systems?

1.4 Research Contributions

From the above research questions, the following are the contributions of this thesis
work.

1. Quantification of Swarm Intelligence
2. Application of SI in multi-robot system
3. Benchmark framework to compare and analyze flexibility of swarming system.

4. Qualitative study on the transferability of Swarm Intelligence
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Chapter 2

Quantifying Swarm Intelligence

2.1 Introduction

Bio-mimicry has been a significant framework for us to find solutions to the many prob-
lems that we faced today. The natural world has inspired solutions like gecko-feet for
climbing, velcro, high speed train, venturi effect of termite mounds, multi-robot sys-
tems etc. A part of bio-mimicry solutions were inspired by natural swarming systems
also commonly dubbed as the complex problem solvers—e.g. optimization, multi-
robot control mechanisms, swarm robotics, etc. In recent years, the intriguing capa-
bility to solve complex problems without a central command—i.e. fully decentralized
systems—has garnered research interest from different area of studies from engineer-
ing, science, business, mathematics, computer science, etc. This capability displayed
by the natural swarming systems has been said to be "intelligent". In the literature,
there are a few perspectives regarding the intelligence of swarming systems—i.e. the
different definitions of swarm intelligence. Coupled with the lack of unification on this
subject, with various definitions, it becomes unclear if a particular system truly possess
swarm intelligence. This suggests that SI of a particular system can only be observed
(not measured) and it can be subjective, debated or unclear.

Beyond the unclear definition of SI, there are also some unanswered questions which
calls for more research attention. If we say that a swarming system is (swarm) intelli-
gent, will there be a time where it display less (swarm) intelligence than the other? If
there is, then in which situation(s) will it display a higher level of (swarm) intelligence?
In this case, if we take SI—i.e. a swarm solution—out of context, the solution might not
be as (swarm) intelligent. Therefore suggesting that there is a "boundary” for which SI
of a particular system exists, and this boundary is what we want to investigate. This
is important to allow researchers and engineers to know when to apply swarm algo-
rithm solutions to their problems to yield the benefits of SI, as there will be times when
swarm solutions might not out-perform a centralized multi-agent or multi-robot sys-
tem. For example, by applying a swarm robotic platform to map a room might show
that swarming algorithm /principle works for a mapping operation and it might also
perform better than a single robot platform in terms of a faster mapping process, but
we wonder if the application of swarm intelligence is necessary. In other words, is
swarming systems necessary in all situations that we see?
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We would like to suggest that this might not be the case. On the contrary, in many
operations, non-swarming systems or even a centralized system might suffice. For
example, an application of swarm robotics in an automated warehouse is not neces-
sary, given that the warehouse is mostly a static environment and have pre-planned
(optimized) procedures to save cost, a centralized multi-robot system works perfectly
to solve the logistical problem—e.g. the application of amazon robots in their ware-
houses. In this scenario, a swarm robotic solution might be a case of over-engineering.
It can even be detrimental as the development process of swarm robotic solution might
take longer given the nature of the unpredictability of swarms’ collective emergence
behaviors.

Not being able to understand swarm intelligence on a deeper level, will cause us to
apply swarming algorithm/principle to artificial swarm "blindly" and not yielding the
full potential of SI. In the application of SI to artificial swarms, researchers and en-
gineers work with different sets of constraints and environment from nature, thus a
"plug-and-play" application, might cause the solutions to be not "optimized" for the
various tasks that the artificial swarm performs. Therefore artificial swarm design
suited for the scenario is crucial, and in my opinion, not possible without a proper
quantity or metric to describe the SI of a proposed solution. Currently, in the literature,
there are not much work done on metric to measure SI, therefore less conclusive com-
parison can be reached. Noting that the operational performance of a system does not
necessarily equates to SI of the system. Without comparison, it is not possible to have
a methodological approach to improving swarming strategies.

The clear need for further understanding and quantification of SI motivated this re-
search work. As we proceed with this chapter, we will re-visit SI in the current lit-
erature, presenting 1) SI Definitions, 2) SI Applications, 3) SI definition proposal, 4)
Potential outlook in the following sections.

2.2 Swarm Intelligence Definitions

Over the years, multiple SI definitions were formed mainly from two broad perspectives—
i.e. bio-inspired and algorithm-inspired—of the research community. The pioneering
definition being Beni et. al.’s [13], Definition 2.2.1 ("Swarm Intelligence"):

Systems of non-intelligent robots exhibiting collectively intelligent behavior evident in the abil-
ity to unpredictably (#) produce specific (=not in a statistical sense) ordered patterns of matter
in the external environment.

# Unpredictable is meant as globally "intractable’ or “externally not-representable’.

Interestingly, this first work that uses the term SI and defining it, is a work on cellular
robotics. The above definition captured a few important essence of self-organization.
Firstly, it mentioned "systems of non-intelligent robots". This reflects the often sim-
ple units (from a macro perspective) we find in nature—e.g. an ant, fish, bird, bee,
etc.—existing in a colony or a group which display an intelligence far beyond the in-
dividual’s. In complexity science, this is described as "the whole is more than the sum
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of its parts". Secondly, it mentioned "the ability to unpredictably produce specific or-
dered patterns of matter in the external environment.". This is in fact the emergence
of the collective behavior (self-organization) which can often be observed as "ordered
patterns"—e.g. a flock of birds migrating, or a school of fish evading predators.

One camp of SI perspective that branches off from Beni et. al.’s SI definition were the
perspective of naturalists or biologists, who works with insect colonies, fishes, birds—
i.e. social animals and insects. They provided a definition of SI from a perspective
of their long years of observation and study of these animals [38, 39, 34, 40, 41, 42].
In these work, self-organization, that is often observed in nature, is often described
to be related or bring about SI. It includes common features involving 1) groups of
simple agent and 2) global emergent or self-organization. In which three definitions
also included 3) inter-agents local interactions. This definition encompass feature 1 and
2 that are similar to that of Beni et. al.’s definition, with an extension of feature 3 which
is not captured in Beni et. al.’s. The three features sum up SI suggested in [43].

These three features mentioned can be observed in nature. For example when a sub-
colony of ant foraging for food, "intelligence" can be observed as the ants identify a
food source and are able to move back and forth from the food source to its colony,
and when it gets depleted, the ants are able to adapt and move on to identify other
food sources. This level of food foraging self-organization emerges from repeated local
interactions amongst the simple agents—i.e. the use of pheromone trails which is a
unique form of communication via external environment; called stigmergy. Without
the central command, nature seems to be effective and efficient in their processes like
foraging, navigation, task allocation, brood care, and more.

The second camp of SI perspective from the development of SI algorithms. As SI re-
search progresses, for the purpose of further studying of social insects and animals, it
has motivated the initial development of SI algorithms. Quickly, SI algorithms find its
utility in solving optimization problem which is expected as natural systems perform
optimization in food foraging, navigation, internal maintenance of hives, etc. As the
works in swarm optimization expands, algorithm-inspired SI definitions [44, 45, 46, 47]
surfaced mainly describing SI as bio-inspired computational methods (or algorithms)
to solve optimization problems. Some would say that swarming systems are basi-
cally a collective information processing unit. In this case, SI governs the process at
which information is acquired, processed, making collective decision, and acting on
it. In [48], a collective operation and computation framework is proposed, in which
a part is "local computation” that each agent performs using only information from a
certain local neighborhood. This emphasize the importance of local communication
and computation—i.e. local information processing and decision making with (local)
information e.g. from local neighborhood.

Although there are similarities in the definitions, the perspectives are still vastly differ-
ent and within each perspective the definitions also hold differences. This presents a
long-standing problem in swarm intelligence study, that is the issue of non-unifying SI
definition [43, 49], which can also be inferred from earlier work that calls for quantifica-
tion of SI [38]. The lack of a unifying definition, hence theoretical foundations, would
pose significant problems to quantifying SI and the future development of SI systems.
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Also, the numerous definitions of swarm intelligence proposed are non-quantifiable—
i.e. qualitative definitions. This implies that SI comparison is still largely implausi-
ble.

We could not make statements like "Swarming system A is more (swarm) intelligent
than swarming system B". The lack of quantification of SI will not allow SI compari-
son among system, noting that there is a difference between system’s performance and
system’s SI. In many of the works, operational performance of the systems are often
measured for comparison—e.g. machine learning, optimization research, etc. This pro-
vide a way for the basis of improvement and further development of the technology.
For example, in one of the most use case of SI, optimization, in a particular task like for-
aging, we can compare the performance of the use of Artificial Bee Colony (ABC) and
Ant Colony Optimization (ACO) algorithm. If we use a general metric of "total amount
of food gathered at the end of the simulation", most likely one algorithm will outper-
form the other. However, operational performance does not necessarily correlates to
SI—i.e. the system can perform well and still not displaying SI.

The confusion that stems from the vastly different definitions of SI, also entails missed
opportunities as well. Now, it is not known the "right" conditions where SI is the most
effective. Without a clear understanding of what SI is and how and why it arises, it
is very difficult to envision how to take advantage of its true potential. Often, this
confusion trickles down to research that freely use the term SI when large numbers
of entities are applied. Not having the method to compare SI will cause an eminent
effect of artificial swarming systems not being able to improve and be more intelligent,
which can stifle the advancement of future swarm studies, real life applications and
commercialization of this technology. Therefore this work is important to pave a way
for a quantifiable swarm intelligence.

2.3 Swarm Intelligence, Flexibility and Adaptability

After studying the various SI definitions, it is evident that self-organization (SO) or
emergent behavior is a central and important feature that describes SI, also mentioned
in [43]. SO being the central feature of SI arises from the interplay of four lower-level
components: 1) positive feedback, 2) negative feedback, 3) amplification of fluctua-
tions, and 4) multiple interactions [38]. It gave rise to the many behaviors we observed
in nature.

This brings us to another question, "What is SO or emergent behavior?". Still these
terms are ambiguous as there are many interpretations. Serra et al. [50] describes
the concept of SO generally as “highly organized behaviour even in the absence of
a pre-ordained design.” They go on to further describe examples such as the resonance
phenomenon in lasers, and in cellular automata where “unexpected and complex be-
haviours can be considered as self-organized.”

As a fully decentralized system, without central command, the sub-systems are able
to communicate and perform its function which leads to the emergence of collective
behaviors. Often, the noticeable effect of SO is the order that we observe in nature.
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As mentioned before the migration of birds, schooling of fishes, etc. One example of
quantifying order is the measure of the direction of travel of the birds compared to
the global direction of travel to find the order of the system [51]. If the system is in
order or is coherent—i.e. the difference between all the agents” direction and the global
system’s direction is low—then it suggests a high level of order, while a high difference
will suggests a low level of order.

However, the challenge in measuring order as an indication of SO—i.e. SI—is that or-
der is not an outcome of the collective behavior, caused by SO, that is unique to SO.
The complication arises as order can be derived from both the centralized and decen-
tralized paradigm. It is not trivial to distinguish between a centralized order and a self-
organized order—i.e. a top-down centralized order vs bottom-up decentralized order.
Furthermore, as pointed out by Cavagna in [52], systems” hierarchical and distributed
control are often a combination of centralized and self-organizing(decentralized) con-
trol mechanism. There is an interesting work by Alessandro A. et al. [53] that docu-
mented the discovery of a display of collective behavior (SI)—i.e. the emergence of
global order or pattern—without collective order in wild swarms of midges. Despite
the lack of order, the swarms displayed high level of correlations, totally incompati-
ble with models of non-interacting particles. This work challenges the long-standing
understanding of self-organization order.

In the literature, there exists multiple definitions of SO. The common definition of SO
is often described on both the micro and macro levels [49, 40, 38]. The micro level rep-
resenting the local interactions among simple agents and the macro level representing
the overall order and pattern that emerges. SO is a mechanism that results in a global
pattern to emerge by means of low-level interactions.

There is another self-organization perspective by Prigogine et al. [54] that described
self-organization in the chemical reactions and thermodynamic contexts. "His notion is
quite enlightening and emphasizes the element of fluctuations in far-from-equilibrium
system states. Non-linear system changes, fluctuations as he refers to them, due to
either random events or chaotic dynamics, are then amplified by positive feedback
mechanisms. This results in structures that emerge spontaneously which often are pre-
sented as examples of self-organization." From a similar perspective, Cavagna et al. [52]
proposed a method in distinguishing and evaluating self-organization paradigm from
centralized paradigm that is not the collective behavior of order that we observed of
swarming system, instead collective response can be the alternative measure of SO.
Collective response, aka flexibility, is a trademark of self-organizing order and it repre-
sents how well a system reacts to a dynamic environment—i.e. the system’s response to
perturbations. If the system reacts and adapt to the environment changes, that would
provide a way to suggests the existence of a self-organizing feature of the system. Both
Prigogine et. al. and Cavagna et. al. perceived self-organization as the ability to
adapt(structures that emerge spontaneously) to a changing environment(external per-
turbations).

This collective response that Cavagna et. al. [52] mentioned is the flexibility of the sys-
tem. From the literature, flexibility also have various meanings. Firstly, some define
flexibility as the ability for the system to perform as well in different environments or
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scenarios by maintaining the behaviors of the individuals of the system [55]. Different
environments do trigger a different level of collective response from the same system,
in order maintain its performance, the system will be required to alter or tune its be-
havior to adapt to a wide range of environmental conditions—i.e. adaptability—as Sl is
environment dependent. We reckon that it is not possible for a non-tune-able system to
maintain its performance in the different environment while maintaining the behaviors
of the individual agents.

Secondly, the flexibility definition that we use in our work, is the ability of a system
to adapt to a changing environment—i.e. how the system collectively respond to ex-
ternal perturbations [56, 52, 41, 38, 57, 27]. Fukada et al. [56] used a similar flexibility
definition however he evaluated it from the perspective of flexibility being a trait of
robustness. In general, like scalability, flexibility and robustness are individual feature
of a swarming systems [38]. Studies in swarming systems have paid lots of attention
to features like scalability and robustness. However, over the years, the key feature of
flexibility has not gain as much attention. One of a reason could be that it is not an easy
feature to probe and measure.

In practice, flexibility can be an observation of the system’s performance right after
a change has occurred. The derivative of the performance of the system after the
change—i.e. early dynamics—can describe its effect on the system. In our work [27],
we have discovered a visible slowing down of the system due to a change, we called it
the recovery period.

The system’s ability to be flexible or collectively respond to a changing environment
requires effective information processes. Some would describe a swarming system
simply as an information processing unit—i.e. acquiring information, to processing
information, to collective decision making, and finally to acting on it. One interesting
perspective to take, in regards to the information process, is the concept of exploration
and exploitation. In a system, the action of acquiring information can be seen as ex-
ploration, while processing and acting on these information can be seen as exploita-
tion. When the environment is static, the system can settle in an ideal exploration-
exploitation balance that acquires enough new information and acting them such that
they are efficient. However, it becomes interesting when the environment changes.
This can be an analogue to kicking the rope when an acrobat is on it, and we can then
observe how the system (the acrobat) regain its stability, achieving a new exploration-
exploitation balance. The system’s flexibility can be described as the ability to restore an
exploration-exploitation balance suited to the current environmental conditions.

In the future, the development of SI should seek strategies with tunable exploration—
exploitation balance for the system to adapt to different problems—e.g., in the analogy
of rope balancing, the system can balance well on a different rope. This tunability—i.e.
adaptability—should bring forth a new wave of adaptive SI strategies.
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2.4 Exploration-Exploitation balance in Swarm Intelligence

The concept of exploration and exploitation (EE) is essential when studying adaptive
processes like SI, where in some strategies, behaviors (exploration-exploitation bal-
ance) can be tuned to suit a particular environment or problem. EE trade-off happens
often in many systems that are around us. It can be observed in areas like psychol-
ogy [58, 59], research [60], organizational learning [61], financial investment [62], ma-
chine learning [63, 64, 65], eusocial natural systems [66], and more. In general, it poses
a dilemma in which a choice has to be made to either 1) choose an optimal decision,
assuming the current knowledge is reliable 2) choose a sub-optimal decision to gather
new information, assuming that the current knowledge is inaccurate. For example, a
scientist is required to perform experiment or simulation to produce scientific contri-
butions while having to study other works in the same field. However, if the scientist
spend too much time on studying other works, it will reduce his or her own quality
of research results. If the scientist wants to maximize his/her contribution, how much
time should he/she spend on studying other works vs. his/her own research?

In the earlier days of EE dilemma discussion, large amount of work focuses on orga-
nizational learning and organizational adaptation research. Since March’s pioneering
article [61] that uses the terms "exploration" and "exploitation" in organizational re-
search, it garnered attention to the existence of this duality. It explained that the effect
of lack in either exploration or exploitation can be detrimental to the organization. For
example, if an adaptive system that engages purely in exploration can incur high exper-
imental cost without gaining much of its benefit—i.e. creates many undeveloped new
ideas and display little distinctive competence. On the other hand, one that engages
purely in exploitation will likely find themselves "trap" in a sub-optimal pseudo equi-
librium. Therefore March suggested that there is a need to balance EE for the system’s
survival and prosperity. However, the balance of EE is not trivial. The returns of these
two modes are not immediately comparable and therefore the difficulty in choosing
the right level of these modes for an optimal system performance. For example, the re-
turns of exploration is not predictable and delayed as it is an "investment" to hopefully
gather new information(returns) in uncertain environment.

In the literature, there are two proposed relations between EE. One of such proposed re-
lations by March [61] suggests that EE can be viewed as two ends of a continuum. This
is supported by one of his assumptions that EE uses the same pool of finite resources—
i.e. when exploration uses more of the resources, naturally exploitation will have to
be reduced. However, this perspective can differ if (some of) the resources are infinite
like information and knowledge [67]. At times, systems have access not only to the re-
sources they own but also to resources in their external environments (or provided by
an external source) [68]. As such, the access to external resources could ease the finite
resources constraint imposed on the system before. This led to Katila et. al. [69] con-
ceptualization of EE where relevant resources do not suffer from scarcity, and therefore
these variables are proposed to be orthogonal—i.e. statistically not correlated.

The concept of EE have been used in adaptive process research, and it can be applicable
to our work on SI, since adaptability (and flexibility) is one of SI features. SI is highly
beneficial to overcome 1) environmental change and 2) initial conditions affecting the
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performance of the system—e.g. the impact of agents clustering in an area before com-
mencing on a search(exploration) mission. Even in a static environment, SI can be ben-
eficial to overcome different initial conditions. When the system is under such circum-
stances where uncertainty exists, it needs to adapt and recover to continue performing
its intended function—e.g. foraging, navigation, or search and rescue mission. The
two different modes of EE serves specific purposes in information gathering. Explo-
ration allows system to search for new information such that it can recover or gain new
environmental insights including escaping local minima/maxima. Exploration exists
in multiple forms, from intentional exploration—e.g. algorithm that plans for explor-
ing unknown spaces—to unintentional exploration—e.g. repulsion from other agents,
error, etc.. In [38], it is mentioned that SO relies on amplification of fluctuations (ran-
dom walks, errors, random task-switching, etc.) and these randomness is crucial for
the discovery of new solutions. On the other hand, exploitation make use of available
information to further "polish” the existing knowledge.

Therefore for a true SI to exist, it requires adaptability and flexibility as core features,
and we argue that the system needs to possess both exploration and exploitation in or-
der to deal with various environments or change in environmental states. From the
perspective of SI, EE has to be mutually inclusive—i.e. co-existence of exploration
(to gather new information) and exploitation (utilizing known information)—such that
there exists a “best performing” balance for a specific environment or situation.

2.5 Swarm Intelligence and its environment

In order to probe a system to exude SI, it needs to be operating in an environment
that is challenging and difficult enough such that SI can be pushed to its limit, requir-
ing a right balance of EE. In Chapter 5, these level of difficulties translate to a con-
stant environmental uncertainty of the locations of occupied cells, usually clustered
into pillar(s), for the system of agents to discover. Also, the number of these pillars of
workload remain unknown to the system throughout the entire operation. The opera-
tion increased in complexity when the changes of locations of the pillars occur, which
require the system to increase its exploratory action to combat the instant lost of en-
vironmental information. In [70], it pointed out that environmental factors does affect
the exploration-exploitation behavior, in the case of the above simulation, 1) depletion
and replenishment of resources, 2) structure of the environment, 3) stability and pre-
dictability of the environment motivate the system to find its exploration-exploitation
balance.

In a warehouse, like Amazon’s or Alibaba’s, where logistical multi-robot system are
implemented to transport packages to various destinations within the warehouse, op-
erates in an extremely ordered and planned environment. This style of operation is
driven by the need to reduce time and cost factors from procurement to delivery, to
get the packages to their customers as soon as possible with the lowest cost. In such
an environment, the routes in which the robots take in the warehouse have already
been optimized and the robots will only be required to follow instructions given by the
centralized warehouse system. In this environment, the nature of SI's unpredictability,



Chapter 2. Quantifying Swarm Intelligence 18

due to emergence, might offer a sub-optimal performance or can be even detrimen-
tal to the performance of the system. Furthermore, this unpredictability can incur a
higher cost during development phase. This example shows that it is not necessary
to call for the application of SI strategy even in a multi-robot system solution. There-
fore the environment and the problem plays a key role in determining the use of SI,
and the effectiveness of SI. This also rise a question of whether some SI solutions are
over-engineered for the problem that they are solving.

From our perspective, the display of "intelligence" goes beyond the system—i.e. SI
cannot be quantified with the system alone, without the environment (context). SI
can be observed when the SI system is in a ‘best” suited environment, but when the
environment changes it could keep SI of the system muted. The new environment can
be said to be less complex or not "difficult” enough so as to require the system’s SI while
operating from within. The system then exercise much less "intelligence" and is seen as
such. More often than not, SI is often described in the absence of the "environment" in
which the agents operate in. We would like to propose that:

Swarm Intelligence is not an intrinsic property of a system. It is a property of the system
evolving in its environment

2.6 Conclusion and Potential outlook

In this chapter, we have discussed the various SI definitions from different field of stud-
ies, the relationship among SI, flexibility, and adaptability, the exploration-exploitation
dilemma present in SI, and finally discussing about SI and its environment.

We have then proposed to measure flexibility as an indication of the level of SI, as
it is a unique outcome of collective behaviors arising from SO—i.e. SI, that cannot
be easily replicated by non-SI systems. As we have mentioned, there can be SI and
non-SI solutions to a problem, and SI performance is not necessarily dominant. This
suggests that in the near future, there is a need to compare performances of SI and non-
SI solutions and we need to be aware of comparisons beyond the overall performance
of the system—e.g. total number of cells discovered in Chapter 5. Therefore with a
better understanding of the areas of performance that SI can bring, there is a need for a
quantity, like flexibility, that can differentiate SI from non-SI solutions.

By observing the early dynamics of the system after a change, it can describe the recov-
ery period of the system. How long does it take to rediscover the new change? As com-
pared to the other systems, how quickly can I find the new change and continue with
my objective? The analysis of the system’s flexibility can be supplementing with the
concept of exploration-exploitation behavior of the system to further provide a clearer
explanation for the system’s actions.

In this area of SI research, there is a need for unification in terms of the understanding
of SI—i.e. SI definition and SI quantification and metrics. The development of a SI
benchmark framework can bring about this unification, for algorithms to be quantify
and compared to other algorithms. In order “to concretely support the research com-
munity, benchmarks are invaluable tools to measure the progress in a quantitative way
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and can be used to challenge the researchers on tasks that grow in complexity.” [37].
This draw similarity to OpenAl(a reinforcement learning problem library), where there
are multiple environments for algorithms’ performance to be tested—e.g. through a
standard cart-pole problem.
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Chapter 3

Experimental Investigation:
Decentralized multi-floor
exploration by a swarm of miniature
robots teaming with wall-climbing
units

This chapter is taken whole from [27] by Jabez L Kit, Audelia G Dharmawan, David
Mateo, Shaohui Foong, Gim Song Soh, Roland Bouffanais, Kristin L Wood.

Before designing the SI benchmark framework, it is important to experience the work-
ings of a SI solution operating in an environment to understand the various compo-
nents needed to simulate an SI operations [27]. Here in this work, the flexibility of the
system is evaluated in a controlled environment, and the recovery period of the system
can be observed.

In this chapter, SI have been applied to a problem of collective mapping, coordinating
a swarm of miniature robots spread across multiple floors. Physical experiments have
been conducted to evaluate the scalability, robustness and flexibility of the system—
i.e. features of a swarming system, eventually demonstrating its ability to collectively
explore and map multiple floors in an urban setting.

3.1 Introduction

Autonomous robots are good contestants for intelligent surveillance and reconnais-
sance (ISR) operations in remote or hazardous environments preventing direct human
intervention. One central challenge in ISR operations, however, is the ability to perform
effective exploration of dynamic environments. Single-robot autonomous exploration
is unquestionably ill-suited for such tasks. Coordinated multi-robot exploration repre-
sents, theoretically at least, a viable alternative [71].
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Biological multi-agent systems—e.g. bird flocks, schools of fish, ant colonies—are ca-
pable of performing a wide range of collective behaviors in a fully decentralized man-
ner [72]. These swarming systems present valuable insights into the development of
decentralized, scalable and fault-tolerant multi-robot systems (MRS) that are required
to operate in dynamic environments. Swarm-based designs of MRS therefore appear
to be a promising strategy for ISR operations in dynamic and unknown environments.
However, as highlighted in [73], the transition from a robot-centric design to a system-
centric one requires to consider critical elements beyond the electromechanical aspects
at the robotic unit level.

Decentralized MRS provide the greatest flexibility in both design and operations, while
being afforded with some of the highest levels of fault tolerance. However, these very
desirable features come at the cost of an overall increase in the system’s complexity.
Specifically, for a decentralized MRS to effectively operate in unstructured dynamic
environments, the robotic system requires: (i) a distributed communication channel
to share state variables and sensed data through an interaction network of a particu-
lar topology [74], possibly time-varying [75], (ii) a collective decentralized computing
framework processing in real-time, data shared among units [76], and (iii) motion plan-
ning or collaborative control strategies, which are key to the effective coordination and
division of labor among units having possibly different capabilities [71]. In practice,
the divisions between these three key elements are not as clear-cut as it seems. On
the contrary, MRS network architecture, distributed computing, and collective motion
planning are profoundly intertwined, which is one of the reasons behind our incom-
plete understanding of biological swarming [72].

Once a communication channel is autonomously established without any external sup-
porting infrastructure, the MRS requires situational awareness as it starts charting its
unknown surrounding environment. This classically takes the form of a map, which
has to be constructed and updated while a coordinated exploration strategy drives the
system based on the current map information and new sensor data harvested by the
various mobile units. Among the many different types of maps, the most common and
intuitive are occupancy-grid maps (OGM), which are particularly befitting to MRS op-
erations [77]. Other types of maps include feature-based maps (e.g. line maps) and
topological maps, which are significantly more computationally and memory efficient
than OGM, yet require advanced sensor-data processing to generate an accurate and
reliable map [73].

As its name implies, OGM reduces a two-dimensional (2D) surface area into a grid of
cells, which are characterized by several possible states—obstacle, unexplored, explored—
identified through a probabilistic treatment of the noisy and uncertain sensor data.
Range-sensors are particularly well-suited to the generation of OGM. For our purposes,
given that we consider a swarm of miniature robots mapping dynamic environments,
OGM constitute the optimal solution for three fundamental reasons. First, the small-
ness of our individual units requires effective obstacle sensing that can be miniatur-
ized accordingly. Ultrasonic sensors have achieved small footprints, but their range
is too short and are hardly as accurate as optical sensors. As is detailed below, our
custom-made miniature LiDAR apparatus provides an effective-range sensing capabil-
ity [78]. Second, OGM being based on probabilistic estimations, they are intrinsically
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more tolerant to the presence of temporal changes in localized features, and thus lend
themselves naturally to the mapping of dynamic environments. Third, the map build-
ing/updating process is almost identical when considering a single robot or a MRS,
thereby conserving decentralization of the system’s operations without compromising
its scalability. The key challenge with OGM is its relatively high computational re-
quirements when maintaining large grids [73]. However, this identified limitation can
largely be alleviated when considering a decentralized computing framework as well
as a distributed storage of the map. With a truly decentralized MRS—swarm robotics
ones being one such particular type, individual units need only store and process a
small subset of the sensed data and OGM. Effectively, not a single unit possesses the
overall map, which should not be required for path-planning purposes.

The network architecture in MRS can either be centralized or decentralized. In the for-
mer, computation and control are performed by a single central entity, while in the lat-
ter, they are performed locally by the robots with minimal communication among the
modules. The decentralized architecture is thus less prone to being affected by a single
point of failure [73]. For this reason, and owing to recent technological developments,
decentralized MRS architectures are getting prominence. For example in [79], a decen-
tralized algorithm was used to localize a flock of robotic sensor networks. Environmen-
tal monitoring tasks were performed by a decentralized swarm of robots in [80, 81, 82],
including with heterogeneous swarms [83]. Decentralized exploration and mapping
of unknown indoor entity was demonstrated with a pair of autonomous quadcopters
in [84].

Despite the number of works on decentralized MRS with certain capabilities, it was
found that existing MRS /swarm systems lack supporting experiments and performance
data [85], for example on how well they behave under varying number of robots (scal-
ability), against the failure of the individuals (robustness), as well as in response to un-
known and dynamic environments (flexibility), which are the key properties of swarm
robotics [72]. It was also observed in [73] and [86] that existing MRS were mostly ap-
plied to static environments and very few works have been done in the presence of
dynamic circumstances. In terms of exploring unknown domains, it was noted in [87]
that while mapping of individual floors of an entity has been considered, simultaneous
mapping of multi-floor territory has not been much addressed. This capability can add
value to the overall mapping task.

The ISR of modern urban environments, whose dense population navigate vertically
as much as horizontally, requires of multistory exploration and monitoring [88]. There
is no doubt that both tasks are extremely challenging, and particular so for fully au-
tonomous and decentralized MRS. Beyond the dynamic nature of urban environments,
there are three broad types of challenges associated with their autonomous exploration
and surveillance: (1) intermittent accessibility to some spaces due to closed doors, (2)
floor-to-floor transitions through staircases and/or elevators, and (3) ability to establish
a communication channel in order to achieve inter-agent information transfer across
wireless-hindering physical obstacles such as walls and floors. Attempts have been
made to address these challenges separately: e.g. autonomous multi-floor exploration
by a single robot [89, 90], semi-autonomous exploration of multi-floor buildings with
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a legged robot [91], navigation for service robots in the elevator environment [92], au-
tonomous multi-floor navigation by micro-aerial vehicles [93]. However, to the best of
our knowledge, the autonomous exploration and monitoring of an unknown indoor
space consisting of multiple floors with dynamic features by a fully decentralized MRS
remains an open challenge.

In this paper, a decentralized and heterogeneous system of custom-built miniature
robots for autonomous exploration and mapping is developed in-house and evaluated
to address those challenges facing current MRS. The performance of this swarming
system in terms of its scalability, robustness, and flexibility is extensively tested and
quantitatively evaluated. The system is also then tested to simultaneously map two
different storeys of considerable size within a campus environment, during normal op-
erating hours and in the presence of students and staff. For the multi-floor mapping
experiments, the large gap between the rooms/floors and the concrete walls/ceiling
poses an operational challenge in terms of maintaining distributed communications
required for our MRS to operate with robots on different floors. Intermediate commu-
nication relays located between the floors are necessary to ensure that a communica-
tion link is maintained between the swarms evolving on each floors. Indeed, having
humans entering the area to physically place static nodes on the walls—especially in
the case of hazardous environments—is neither desirable nor practical. This issue is
overcome by having a heterogeneous MRS consisting of swarms of land robots team-
ing with multiple wall-climbing units. The wall-climbing units and ground-mapping
ones share the same core architecture in terms of hardware and software; both variants
have different sensory suites and mobility apparatuses.

3.2 System Architecture

3.2.1 Individual robotic unit: O-climb and O-map

Our MRS system is called ORION, and multiple generations and variants of ORION
base units have been developed [78, 94, 95, 96, 97]. Although this paper focuses on
ORION’s system-level design, features, and performance, we nonetheless provide in
this section critical unit-level information and details about the two key variants: the
ground-mapping (O-map) and the wall-climbing (O-climb) units, shown in Fig. 3.1.
Specifically, we report on the novel design of ORION’s units as the main modules for
the MRS and its unified system architecture. The hardware architecture of ORION
can be mainly categorized into two parts: the chassis and the reconfigurable wheels.
The chassis houses two DC motors and the electronics required for ISR as shown in
Fig. 3.2 (see [94] for more details on the individual components). Sensors can be added
or removed easily from the electronic architecture depending on the specific needs of
a range of ISR tasks. The electronics stack is divided into two independent systems
controlled by two software layers: the high-level and the low-level layers as shown in
Fig. 3.3.

The high-level layer implements decentralized autonomous behaviors and performs
the computationally-intensive tasks associated with them, such as computer vision,
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FIGURE 3.1: O-climb (left) and O-map (right).

map-building, and path-planning. The low-level layer manages the platform sensors,
actuators and power for real-time dynamic control, obstacle avoidance, and waypoint
navigation. The two system layers communicate through a UART serial connection.
The low-level layer constantly sends the sensors” data and robot’s state to the high-level
one for distributed autonomy processing. The high level, in turn, returns instructions
at the low level for robot task execution.

With a common electronics stack on the chassis and reconfigurable wheels, the two
design variants developed for the ORION MRS, each has its own set of unique capabil-
ities: (i) O-map: a ground robot equipped with mapping function, live-video feed and
distributed autonomy capabilities [78], and (ii) O-climb: a climbing robot equipped
with live video feed and inter-floor communication capabilities [94, 95, 97], capable of
robust internal and external transitions [96]. As shown in Fig. 3.1, O-map units (20 such
individual units are operational) are equipped with rubber wheels and ball caster for
ease of mobility on various terrains, while O-climb units (4 such individual units are
in service) have special wheel-legs with compliant adhesive tape and a tail for robust
climbing [95, 97, 96, 98]. The custom-built Light Detection and Ranging (LiDAR) sen-
sor mounted on O-map [78] is omitted in the O-climb variant as it does not perform
mapping and to reduce its weight for ease of climbing. This shows the high level of
modularity of the ORION'’s platform design for heterogeneous MRS purposes.

3.2.2 Decentralized Swarming Technology

While decentralization denies a MRS the advantages of a large core computational and
communication hub, it offers three highly sought-after features. First, scalability: the
system is capable of cooperatively operating under a wide range of system sizes. Sec-
ond, robustness: the MRS architecture allows for fault-tolerant operation when faced
with sudden changes in its interaction network topology and the potential loss of mul-
tiple units. Third, flexibility: with appropriate cooperative control strategies, the MRS
is in principle capable of operating under unknown and dynamic circumstances. For
effective decentralized MRS operations, the robots should be able to communicate in
a distributed fashion establishing a dynamic (i.e. switching) communication network
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FIGURE 3.2: The electronic suite of hardware components of the ORION
platform. Modules on the bottom row—PCB, LiDAR, and wireless
charger module—were designed and custom-built for ORION.

where nodes can be added or removed without compromising the MRS operations.
To grant ORION these features, the robots are equipped with a swarm-enabling unit
(SEU) based on the specifications detailed in [99]. This SEU is platform-agnostic and
has successfully been used in a swarm of land robots with varying interaction network
topologies [75] and in a heterogeneous swarm of surface vehicles performing a range
of cooperative control strategies [83, 82].

Specifically, this is achieved with off-the-shelf, low-power and low-bandwidth wireless
XBee-PRO modules capable of creating a distributed mesh network. The communica-
tion channel reconfigures itself automatically as the robots move and enter or leave
each other’s communication range. The performance of this distributed communica-
tion approach has been assessed with up to 40 robotic units with distances up to 160
meters and is reported in [82]. This communication network is used by the robots
to continuously broadcast their states—their estimated positions, sensor readings and
current navigation waypoint—at a rate of 5 Hz. The maximum expected communi-
cation range is about 310 m in line of sight and the modules are capable of relaying
messages through multiple hops in the network.

The decentralized swarming design principles and the cooperative control strategies
are such that the successful collective operation of this system does not require a reli-
able global communication network between all the robots. The motion of each plat-
form at a given time is determined solely by its own state and the current state of the
neighboring robots. Therefore, only short-range and intermittent local communications
are required.
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FIGURE 3.3: Multi-block diagram of the developed software framework
for ORION.

3.3 Collective Mapping Approach

The decentralized ORION system of ground robots is designed to perform collective
mapping operation in the absence of a central command. This bars the possibility of
system-level algorithms of coordination, global path-planning, or workload distribu-
tion among the individual units. Instead, the collective mapping operation arises as
emergent behavior from unit-level algorithms fed with information from neighboring
agents.

Since our focus is on cooperative-control strategies for collective mapping, we do not
consider the full problem of Cooperative Simultaneous Localization and Mapping (Co-
SLAM). We assume that all individual units know their initial poses in a common,
global reference frame, and that a localization based on the unit’s Inertia Measurement
Unit (IMU) and the wheel encoder provides a sufficiently accurate positioning for the
duration of the mapping task [78]. If higher accuracy is required, probabilistic local-
ization algorithms such as unscented Kédlman filter can be implemented as reported
in [99].

3.3.1 Map Representation

ORION senses its surroundings by means of LiDAR readings that provide a point cloud
of nearby obstacles. This point cloud is then incorporated to a 2D OGM representation
of the environment (see [78] for more details).
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The 2D environment is divided into a regular grid of cells with an associated state rep-
resenting the posterior probability of occupancy. Each square cell has a size of 1/15 m
and for simplicity all of them start with a prior occupancy probability of 0.5. With each
LiDAR sensing, the probability of all the cells in the line-of-sight associated with the
sensing are updated according to a Bayesian approach [100]. This classical OGM ap-
proach naturally lends itself to the mapping of dynamic environments since the state of
a given cell can vary over time following the displacement of obstacles or the opening
of a door.

Similar to the approach reported in [76], we consider Markovian processes whereby the
robots only share their current LIDARs data—i.e. locally sensed information, not their
entire local map. Formally, the local (individual) map m of robot i at time ¢ is obtained
by computing the posterior probability p(m|S;) for a collection of sensory data Si—its
own sensed data and the sensed data from its connected neighbors identified through
the interaction network adjacency a;; matrix—such that

t
St = J{s5(t); jlai;(t') = 1}, (3.1)

t'=1

with s;(t') the sensed data of agent j at instant ¢/, a;;(t) = 1, Vt, and a;;(t') = 1 if unit
i is connected with agent j at instant ¢/, and a;; = 0 otherwise. It is worth stressing
that this approach was designed to be compatible with temporal interaction networks,
which have recently been found to be necessary to achieve effective collective responses
by MRS [75].

3.3.2 Communication Network

The collective mapping operation requires the robots to exchange some key informa-
tion with nearby neighbors such as the robot’s pose, and LiDAR sensings. As men-
tioned earlier, the onboard XBee modules form a wireless ad-hoc network, whose dy-
namic topology can be tuned to achieve optimal collective performance [75]. Given the
physical indoor environment that ORION operates in—i.e. no line-of-sight, presence
of walls, low battery, latency and low-bandwidth constraints—it is expected that not
all units are always connected.

In a system with units A, B and C, if information from A could not be sent to C, this
does not suggests that C' will not have access to that information. Now, if B gets access
to the information from A and includes it for its decision-making process, then the
decision made by B, when observed by C, will have information from A “embedded"
init. This indirect propagation of behavioral information through the network is crucial
for the collective mapping operation as it dictates how information will flow within
the system. The work in [75] reported the optimal network topologies for collective
behaviors subjected to local perturbations, which, in the present framework, can be
associated with moving obstacles/features.
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3.3.3 Exploration Strategy

The swarm dynamics is based on a collective and distributed Frontier-Based Explo-
ration strategy [101]. To decide where to move next, a robot computes at each instant a
field of "preference potential" V (') representing a non-normalized probability of choos-
ing a point 7" as the next waypoint. The field V' is meant to prioritize the exploration of
points that are: (i) near the frontier of the explored area, (ii) near the robot, and (iii) far
away from the other units. To account for this three factors, we have defined the field
as

1

Vi(P) = Vp(F) X ————— X 7 — 7)) (3.2)
l( ) (_> mln(Hr_TiH7RO) E‘ JH ’

where Ry > 01is an arbitrary cut-off distance, VF is a term characterizing the frontier be-

tween the explored free space and the unexplored space, and j ~ i represents the set of

neighbors j of unit i. This frontier is obtained by applying a classical Roberts cross op-

erator to the Bayesian map. The waypoint is then selected as the point that maximizes

V(7). This collective mapping approach is formalized in Algorithm 1.

Algorithm 1: Collective Mapping algorithm

CollectiveMappingr, R, s, map map < UpdateOccupancyGrid(map, s)
neighbors < ConnectedN eighbors(r, R) for n in neighbors do-_

map < UpdateOccupancyGrid(map, sy)

waypoint < Frontier Exploration(map, r, R) return map, waypoint

3.4 Experimental Results & Discussion

Here, we present the results of multiple experiments characterizing and quantifying
some key features of our decentralized MRS ORION.

3.4.1 Scalability experiments

The first series of tests assess how the performance of the collective mapping opera-
tions scales with the MRS size N. An unknown, irregular floor space (see video [102])
of approximately 60 m? with 5 irregular obstacles in it has been used for all scalability
tests. The corresponding surface area is more than 4000 times the footprint of a sin-
gle unit (12 x 12 cm). Clearly, increasing the number of robots beyond 6 yields only
marginal improvement to the system’s performance. Given the size of the surface area
used, operating beyond N = 8 would inevitably lead to drops in performance owing
to the overcrowding of the arena. However, this does not mean that our system is not
capable of operating with N > 8 units, quite the contrary (see Sec. 3.4.4).

The results, presented in Fig. 3.4, reveal a rapid initial increase in the number of ex-
plored cells C. that subsequently reaches a plateau for large N. The initial fast increase
in C; is to be expected the whole space is unknown, hence all cells encountered by the
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units are unexplored. At a later stage, the coordination among robots imposes them to
travel farther in search of new unexplored cells. We post-processed these data to esti-
mate the characteristic time-scale of collective mapping in the early stages (Method 1)
and at a later stage when C. = 8,000. Specifically, Method 1 assumes that C. progresses
according to C.(t) = C°(1 — exp(—t/7)) and estimates the time-scale of operation 7
by means of linear regressions of log(C./C¢®) for each value of N. Method 2 gives the
time it takes to explore the first 8,000 cells. Interestingly, both time-scales exhibit an
almost identical linear scaling (in a log-log plot) with the system size NV as shown in
the insert of Fig. 3.4.
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FIGURE 3.4: Scalability experiments for five different MRS sizes: N =

1,2,4,6 and 8. Each point—mean value and the associated standard

deviation—is obtained from the results of five repeated experiments

with same N value and identical initial conditions. The insert shows the

scaling of two characteristic times with IV for these collective mapping
operations by means of Methods 1 and 2.

3.4.2 Robustness and recovery experiments

As a next step, the fault-tolerance of ORION is assessed by forcing the removal of 2
units out of a total of N = 4 in the early stages of the collective mapping process of
the same floor area as in the scalability experiments. Specifically, at ¢ = 20 s, two
units are manually switched off thereby leaving the two remaining units operating by
themselves. At ¢ = 120 s, two “new" units are injected into the pen and instantly
start swarming with the other two units. Beyond the characterization of robustness,
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this series of experiments allow us to analyze the dynamics of the emergent recovery
process.
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FIGURE 3.5: Robustness experiments: each of the five experiments are

shown with different colored dots. The mean performance and its asso-

ciated standard deviation is shown in black. The red (resp. blue) dashed

lines correspond to the instant at which two units are removed (resp.

added) of the MRS. The insert shows the rate of change of the number of
explored cells C..

Figure 3.5 presents the results of five successive experiments (colored dots) as well as
the mean performance (with standard deviation in black color). When the removal of
the two units takes place, there is a noticeable drop in performance as the number of
explored cells slows down. Hundred seconds later, when two new units are injected,
the rate at which C, increases also increases but only after a 20-30 seconds delay (the
rate of change of C. with time is shown in the insert of Fig. 3.5). This delay can be
justified by the time needed by the newly formed system to achieve an effective coor-
dinated behavior. The two present units may see their direction of travel affected by
the LiDAR information from the two added units. However, passed this delay, the 4-
unit MRS exhibits a clear improvement in its performance as attested by the increase in
dC./dt shown in the insert of Fig. 3.5.

In real-world scenarios, the removal of units occurs with hardware breakdowns, low
battery levels, and most commonly with out-of-range communications. Our previous
work [82] provides a statistical study on communication success based on distance
apart for varying sizes of the MRS.



Chapter 3. Experimental Investigation: Decentralized multi-floor exploration by a

- . . . . 31
swarm of miniature robots teaming with wall-climbing units

3.4.3 Flexibility experiments

Here, we consider the collective response of the system to a drastic increase in the area
to explore. Specifically, a rectangular (3 x 9 m) 27 m? space is divided into three square
areas of almost identical surface area of 9 m? (see video [102]). Initially, two robots
are placed in the rightmost area, and another two robots are started from the leftmost
area. The central area is empty and inaccessible owing to the presence of two walls
separating it from the leftmost and rightmost areas. At ¢ = 0, each pair of robots starts
mapping its exclusive area. But after 30 s, the two walls are removed, thereby opening
the two areas mapped by the pairs of O-map to a central void.
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FIGURE 3.6: Flexibility experiments: each of the five experiments are
shown with different colored dots. The mean performance and its asso-
ciated standard deviation is shown in black. The red dashed lines cor-
respond to the instant at which the floor area is expanded by 50%. The
insert shows the rate of change of the number of explored cells C..

The results for five distinct experiments are reported in Fig. 3.6, showing a high consis-
tency in performance. Before the removal of the two walls, the performance is analo-
gous to the one obtained for our scalability experiments. However, once the walls are
removed and the area to explore expanded, a change in performance can clearly be de-
tected after a few seconds delay. Again, this observed delay can be associated with the
time it takes to the MRS to adjust its coordinated behavior to changing circumstances.
The sharp increase in dC./dt shown in the insert of Fig. 3.6 after ther removal of the
walls is a good indicator. It is therefore very similar to the collective behavior observed
during the recovery experiment discussed previously.
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3.4.4 Multi-floor exploration

As a last step, we present some qualitative results of a collective exploration over two
floors. These results were obtained on our university campus grounds during oper-
ating hours. The areas mapped constitute unstructured and dynamic environments,
and no external/additional supporting infrastructure was necessary to run the exper-
iments. Eight O-map units were initially positioned on one floor (1), and four others
on the floor above (F3). Two O-climb units were placed on a vertical wall and ascended
during the experiments, thereby expanding the distributed communication network
between floors. The layouts of the surface areas to be mapped on F; and F; are shown
in light gray in Fig. 3.7: they consist of open spaces, elevator lobbies and office rooms
with open doors. The overall collective exploration task lasted about 3 to 4 minutes
depending on the dynamic obstacles encountered. Snippets of the live operations are
shown in the final segment of the video [102].

FIGURE 3.7: Snapshots at successive time instants (to,¢1,?2,t3) of the
mapped areas by 12 units across two floors (F7 and F3).

3.5 Conclusions

In this paper, we presented the analysis, design, and development of a decentralized
multi-robot system, ORION, capable of performing scalable and fault-tolerant explo-
rations of unknown multi-floor indoor environments. ORION operates based on a
swarm robotic subsystem that is collectively mapping possibly dynamic environments
made up of multiple floors. The wall-climbing units achieve wall-adhesion by means
of dry-adhesive whegs and share the same basic robotic architecture as the mapping
variant. They serve to expand the distributed communication network between the
swarming ground robots that are mapping two floors.
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ORION exhibits consistent scalability, robustness and flexibility when collectively map-
ping unknown and unstructured floor spaces with several irregular obstacles present.
It is also capable of recovery by subsequently injecting two other robots while it is
collectively operating. Our results also reveal a delayed collective response in two par-
ticular cases: (1) when the MRS is rapidly expanded by the addition of several units,
and (2) when the MRS responds to abrupt changes in the topology of the environment
being mapped.
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Chapter 4

Balancing Collective Exploration
and Exploitation in Multi-Agent and
Multi-Robot Systems: A Review

This chapter is taken whole from [103] by Kwa, Hian Lee and Leong Kit, Jabez and
Bouffanais, Roland.

In this chapter, the concept of exploration and exploitation closely related to adaptibil-
ity and flexibility of SI is studied in the area of multi-agent and multi-robot system. In
this review, techniques from other works that attempts to overcome the exploration and
exploitation dilemma are discussed. We have also found the lack in metrics available
to measure flexibility—i.e. S

4.1 Introduction

In recent years, there has been an increasing interest in using multi-agent systems
(MAS) to carry out a wide array of complex tasks. In using such collaborative plat-
forms, a large and challenging task can be broken down into smaller tasks that can
be tackled by agents with the ability to change their actions based on their local envi-
ronment [104]. This provides MAS with very high levels of flexibility—i.e., adaptabil-
ity to changing circumstances—thereby making them an attractive solution to prob-
lems in fields ranging from traffic management [105], to machine learning [106], and
robotics [107, 108].

A well-known challenge faced by all MAS is the exploration—exploitation dilemma.
This dilemma arises owing to the fact that gathering new information (i.e., exploration)
and making use of currently available information (i.e., exploitation) tend to be two
mutually exclusive activities [109]. Should a system be setup in favor of exploration, it
would be able to gather large amounts of knowledge without being fully able to benefit
from this knowledge. This may increase the time required for the MAS to accomplish
its task or prevent it from achieving its goal altogether [110]. On the other hand, should
a system be setup to favor exploitation, the system may be unable to adapt to changes in
the environment or may find itself trapped in a local optimum [111, 109, 112]. Despite
this apparent trade-off between the two activities, both sets of actions can be performed
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simultaneously [113]. As such, one can expect that to maximize the performance of
such a system, there ought to be some sort of balance—most likely a dynamic one—
between the amount of exploration and exploitation carried out.

Within the field of robotics, MAS have been studied for their applications within Multi-
Robot Systems (MRS) [114, 115, 116]. The use of MRS, which can either be controlled in
a centralized or decentralized fashion [117], has been demonstrated in a wide variety
of tasks, including area mapping [118, 27], area characterization [119, 120], collective
construction [121], collective decision-making [122], collective transport [123], perime-
ter defense or geofencing [124, 125], as well as target search and tracking [126, 127, 128].
The attractiveness of MRS in such tasks stem from three key features: (1) flexibility—the
ability for the to adapt quickly to rapidly changing environments, (2) robustness—the
ability to cope with component failures within the system, and (3) scalability—the abil-
ity to carry out tasks in systems comprised of different number of agents [129].

For implementation of swarm strategies in MRS, agent behaviors are largely developed
in simulation before being tested in physical systems. However, doing so inevitably
leads to the so-called reality gap, in which there is a difference between the simula-
tion models and the actual robots used [130, 131]. This could manifest as differences
between the actual robot behaviors and those predicted by simulations due to vari-
ous factors such as variations in robot kinematics, communications noise, and other
environmental factors affecting the robot’s movements. Given the potentially large
number of agents involved, this reality gap may be further widened when modeling
MRS. While this indeed poses a unique problem for MRS practitioners, in this paper,
we only focus on the behavioral aspects of how robotic agents balance their efforts in
exploration and exploitation.

At this point, it should be noted that there is a marked difference in the strategies that
are employed for use in static and dynamic tasks. While there is still the need to balance
exploration and exploitation when operating in static environments, this balance tilts
heavily in favor of exploitation, especially during the latter stages of the task. For
example, in the search for a static target, [132] performed an initial random search
before transitioning to a Particle Swarm Optimization (PSO) algorithm to facilitate the
convergence of agents around the target’s position. Similarly, [133] found that biasing
the swarm towards exploitation during the latter phases of a static target search task
greatly reduces the time taken to accomplish the given mission. Tasks in slow-evolving
environments can also be treated as a quasi-static problem and be completed in the
same manner. [134] were able to demonstrate a simulated swarm using a comparable
algorithm to search for and track a slow-moving target. Due to the focus on exploitation
during the latter stages of the tasks, research on MAS carrying out static or quasi-static
tasks tend to focus on convergence time and the accuracy of the overall system [135,
119, 120].

Given this critical distinction between static, quasi-static, and fast-evolving tasks, we
propose the following definition for the latter: a task occurring in an environment that
evolves at a rate at which a single agent is unable to keep up. Examples include track-
ing a target that can move faster than the agents [136, 128], and dynamic features that
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lead to a notable evolution in the optimum agent allocation of a task assignment prob-
lem [137]. For a system to effectively carry out its assigned task in a fast-moving dy-
namic environment, there must be some form of adjustment of the balance between ex-
ploratory and exploitative actions throughout the duration of the task. Should an MAS
bias its actions towards exploitation over time, such exploitative activity based on out-
dated information will inevitably result in poorer system performances [138, 139, 140].
Despite this, there is still merit in studying the methods used to control the level of
exploration and exploitation carried out in MAS operating in static and quasi-static
environments. This is because such systems still are susceptible to being trapped in
local optima during the initial stages of the task [141, 135, 142] and variations of strate-
gies employed in static environments have been modified and applied for use in fast-
evolving environments [143].

Given the notable importance of the exploration vs. exploitation balance in MAS, we
present here a survey of the methods and techniques used to control this balance. First,
we explore the concept of exploration and exploitation and the common metrics that
practitioners use to quantify the level of of exploration and exploitation carried out by
their systems. Next, we go through the methods used to control the exploration and
exploitation balance. An overview of the types of methods and strategies explored
within this review can be found in Figure 4.1. In the conclusion, we present possible
directions for future research as well as summarizing remarks.

Exploration and Exploitation Control Methods
|

\ \
Agent Response Methods Information Control Methods
\ \ \
Changes in State  Small Response Changes  Area-Task Assignment Network Topology Changes — Stigmergy

Self-Determined State Change  Assigned State Change

4.2 Exploration and Exploitation

4.2.1 Characterizing Exploration and Exploitation

Exploration and exploitation is a trans-disciplinary concept used in a variety of fields
and contexts. As such, there is no unique definition that can be used to define these
two behaviors. Nevertheless, these exploratory and exploitative actions can be char-
acterized by certain observable features. To this end, [112] identifies three key distinct
features that distinguish between the two: (i) behavioral patterns, (ii) the uncertain-
ties associated with an actor’s choices, and (iii) the expected outcomes as a result of
an agent’s actions. It is important to note at this point that while these three features
classify the actions of a single agent, a single agent’s actions do not characterize the
exploration—exploitation dynamics (EED) of the entire MAS. It is only through observ-
ing the actions of all or a proportion of a system’s agents that one is able to accurately
characterize the exploration—exploitation balance of an MAS.
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An agent’s behavioral patterns are one of the most common definitions of exploration
and exploitation used as the movements it carries out is a physical quantity that can be
directly observed and measured. Many MAS practitioners use the agents’ movements
and observed positions to determine the system’s exploration-exploitation balance (see
Sec. 4.2.2). For example, in a target search context, when agents are close together or
traveling towards the same region of the area of operations, it can be assumed that
they are exploiting a common source of information [138, 144]. Conversely, if agents
are moving away from each other or in a random fashion, they can be assumed to be
carrying out exploration.

The less tangible aspect of an agent’s behavioral patterns are its intentions that drive
the observed actions. While not as obvious as an agent’s motions, these can still be
easily determined by querying the state of an individual agent in an engineered MAS.
In their review, [113] posited that exploration and exploitation are associated with a
certain level of learning. Therefore it can be said that an agent is carrying out exploita-
tion if it uses previously acquired knowledge and carrying out exploration if it is not
doing so [145, 146]. Again, this is another common method of defining exploration and
exploitation in MAS, where certain practitioners have developed dedicated behaviors
that facilitate exploration and exploitation separately (see Sec. 4.3.1).

Besides observing an agent’s behavioral patterns, the amount of uncertainty associated
with each action can also be used to classify exploration and exploitation. With this
characteristic, exploratory actions are associated with those that have high levels of
uncertainty, while exploitative ones are associated with low levels of uncertainty. In
MAS operating in unknown environments, these uncertainties are usually presented in
the form of a map that updates itself as the task progresses [147, 148, 149]. Using such
maps allows an agent to move towards regions of different levels of uncertainty based
on its intentions to carry out either exploration or exploitation. As such, an agent that
moves towards or gathers information in an area with high uncertainty is deemed to be
carrying out exploration, while an agent doing the same in an region of low uncertainty
can be said to be carrying out exploitation.

Finally, the type of action an agent performs can be classified based on the expected
results of the said action. This is typically exemplified by observe-or-bet tasks. In such
a task, an agent is given a chance to observe the environment and gain information
while not receiving any reward (exploration). Alternatively, the agent may “bet” on
an option and receive its associated reward (exploitation), although the amount of re-
ward received remains hidden from the agent [150, 151]. While these tasks offer a very
clear distinction between exploration and exploitation, such contrasts are not as explicit
when observing real systems; agents tend to know the quantity of a reward and the ac-
tion that was performed that led to the reward. These additional pieces of knowledge
allow an agent to obtain more information about its surrounding environment and al-
low agents to simultaneously perform exploration and exploitation [145].

As highlighted by [112], these three characteristics need not be used to define explo-
ration and exploitation in isolation. Multiple characteristics can be used to determine
the type of activity being carried out by an agent. For example, when performing an
area mapping task, [133] proposed using an MRS that built an occupancy grid map
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that increased in resolution as the task progressed. If a robot chose to move into a pre-
viously unvisited cell (high uncertainty, learning expected), it was determined to be
exploring. If the robot chose to move to a cell with a known object of interest or update
its map of the local area with a higher resolution (low uncertainty, reward expected), it
was determined to be exploiting.

4.2.2 Measuring Exploration and Exploitation

After selecting their definitions of exploration and exploitation, practitioners next turn
their attention to measuring the level and quantifying the balance between the two
activities. In the field of computational optimization, a typical strategy in finding a
global optimum is through the use of an MAS consisting of many candidate solutions
searching the solution space. In this use case, the quantification and monitoring of the
system’s EED is important as doing so permits it to autonomously detect if the solu-
tions have been trapped in a local optimum or have stagnated. Doing so grants the
system the ability to self-modify specified parameters, allowing it to “jump out" and
continue with its optimization task [152, 153]. Similarly in MAS operating in dynamic
environments, these measurements also allow a system to monitor and prevent solu-
tion diversity loss, allowing systems to track moving optima over time [154, 141, 138].
At this point, it should be noted that a system’s diversity is analogous to the amount
of exploration it carries out. These metrics mostly fall within the categories of spatial
distribution based metrics or probability based metrics, although there are also other
metrics that have been used that do not fall within these two categories.

While most exploration and exploitation metrics are measured globally, i.e., a system-
wide property that allows one to quantify a system’s EED as a whole, some of these
metrics can also be measured locally by the individual agents, thereby allowing them
to adjust their actions appropriately. The use of globally and locally computed metrics
both have their associated advantages and disadvantages. While the use of a system-
wide EED metric would allow for a more accurate quantification of the overall balance
between exploration and exploitation, it also entails that this balance be controlled in
a centralized fashion. This would result in the loss of a certain degree of system scala-
bility, flexibility, and robustness. Conversely, if a locally computed metric is used, the
agents would be able to use this metric during their operations, allowing them to influ-
ence the behavior of the system through various feedback or feedforward loops. While
such agent-based metrics may not be able to quantify a system’s EED as accurately as
a global metric, it allows the system to maintain a level of decentralization and hence,
scalability, flexibility, and robustness.

Spatial Distribution Based Metrics

Similar to classifying an agent’s actions based on its behavior and movement patterns,
the use of metrics based on the agents’ spatial distribution is very popular as it is a
physical quantity that can be easily observed, measured, and calculated. As previously
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mentioned, to quantify the level of exploration and exploitation in computational MAS,
the solution diversity of a system is usually calculated. This solution diversity is a
measure of the spatial distribution of all candidate solutions within the feasible region.
[155] based their diversity metric on the average distance of each solution from the
mean. [156] adapted this metric for use in their study of swarm-based metaheuristic
algorithms by using the median solution instead of the mean as it reflected the pop-
ulation center of the candidate solutions more accurately. In a similar fashion, [157]
calculated a population standard deviation to measure the solution spread. In summary,
all these metrics are essentially based on low-order indicators of the statistical distribu-
tion.

Comparable metrics are in use to measure the amount of exploration and exploitation
carried out by agents within MRS. As seen with the metrics used in computational op-
timization, measuring the the spatial distribution of agents is also used to quantify the
level of exploration and exploitation. In their target search task, [158, 159] measured
the diversity of individual robots within their MRS by calculating the amount of over-
lap between a robot and its neighbors’ search areas. Agent sensor area overlap was also
used by [160] who calculated the size of area covered by at least two agents as a mea-
sure of the amount of effective exploration performed by their swarm in a surveillance
task. This metric is similar to the one used by [161, 162, 163] who used a k-coverage
metric that calculated the amount of time a target spent being tracked by at least k&
agents.

[164] measured the level of exploration and exploitation by tracking three metrics:
(1) the minimum distance between agent pairs, (2) the sum of the distances between
detected targets and their closest agents, and (3) the distance moved by each agent
over the course of one time-step. While often not explicitly stated, the distance be-
tween a robot and its neighbors is the most common measure of diversity as most con-
trol methods tend to focus on preventing excessive aggregation or spatial distribution
[165, 166, 167, 168, 169, 134, 170].

The lack of distance measurements does not preclude the use of spatial distribution
metrics. As a proxy for the amount of exploitation performed by each robot, [132]
calculated a communications-based aggregation degree from the number of neighbors
within visual range, with higher numbers of agents within visual range suggesting a
higher amount of aggregation. This eliminates the need to share positional informa-
tion between agents, allowing an agent to reduce the number of radio transmissions
it needs to make. In an adaptation to the BEECLUST algorithm, which was first pro-
posed by [171, 172], [173] determined the level of local aggregation, and therefore the
level of exploitation of individual agents, by measuring the time interval between two
consecutive neighboring robot encounters.

The aggregation degree may not necessarily need to be calculated with the use of spa-
tial information. In performing a search for multiple targets using several sub-swarms
comprised of leaders and followers, [174] calculate the aggregation of the sub-swarms
by comparing the fitness value of each sub-swarm leader to the mean fitness value of
all the leaders within the swarm. This is similar to the aggregation degree proposed by
[175], who calculated the ratio between the agent with the lowest fitness value and the
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agent with the highest fitness value. A list of works using spatial metrics to quantify
an MAS’ EED can be found in Table 4.1.

Probability Based Metrics

While less popular than the use of spatial distance metrics, the probability of actions
carried out by individual agents can also be used to quantify the level of exploration
and exploitation involved. The most common use of probability based metrics can
be found in the application of Lévy walks and flights. Lévy walks are a class of ran-
dom walks where the distance of the walk, [, is taken from a heavy-tailed probability
distribution function, P(l). This probability distribution function is given by the equa-
tion:

PQl) ~ 17", 4.1)

where p is the Lévy parameter controlling the shape of the probability distribution
function. Lower values of 11 close to unity lead to a higher probability of longer walk
lengths between direction changes, which is associated with higher levels of explo-
ration. Conversely, higher values of 1 cause an agent to preferentially carry out shorter
walks between changes of direction, characteristic of higher levels of exploitation [176,
177]. The use of the Lévy parameter has been used as a method of quantifying and
controlling the level of exploration and exploitation of various MRS applied in differ-
ent tasks, ranging from foraging [178, 179, 146, 180], to target search [143, 181, 182], to
area mapping [183, 184, 185].

In addition to the use of Lévy distributions, action probabilities can be used to set the
level of exploration and exploitation carried out by an MRS. To search for a target, [133]
used action probabilities to bias an agent in favor of carrying out either exploratory or
exploitative actions. In a similar fashion, [186, 146, 179] uses the probability of an agent
using information in its memory as means of determining and controlling the level of
exploration and exploitation of the system. In their best-of-n problem, [187, 188] used
an opinion switching probability threshold as a proxy to measure and control the explo-
ration and exploitation dynamics of their swarming system. With this, higher switch-
ing probabilities are associated with exploration, while lower probabilities are asso-
ciated with exploitation. These probability thresholds are also popular in the related
field of task allocation to obtain the optimal distribution of agents among all the tasks
presented to the MRS. In such scenarios, the use of probability thresholds allows an
agent to decide whether it should stay and continue with its current task (exploitation)
or move on and attempt to perform another task within the environment (exploration)
[189,190,137,191]. A list of works using such probability based metrics can be found in
Table 4.2 for different tasks.

Other Metrics

In addition to spatial and probability based metrics, other metrics have also been used
to quantify the level of exploration and exploration carried out by MRS. These metrics
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are detailed and listed in Table 4.3. To solve their Best-of-n problem, [187, 188, 192]
employed contrarian agents that do not change their opinion of the best site. This use
of stubborn agents are a method of measuring and guaranteeing a minimum level of
exploration carried out by the system.

In their collective decision-making task, [193] attempted to measure and maximize the
diversity of their MRS by counting the total number of unique messages being broad-
cast, as well as the proportion of agents broadcasting these messages within the system.
Using this metric, a small number of unique messages or a small proportion of agents
broadcasting a message indicated low levels of diversity.

To measure the exploration and exploitation dynamics of an MRS tracking a moving
target, [128, 194] proposed a metric based on an agent’s direction of travel and its bear-
ing to the target. This allowed for an individual agent’s contribution, and hence the
system’s overall exploration and exploitation dynamic to be quantified. [195, 144] later
identified that a metric based on an agent’s position relative to a target was unable to
function when used in a scenario where multiple targets are to be tracked, such as sit-
uations defined under the Cooperative Multi-Robot Observation of Multiple Moving
Targets (CMOMMT) framework. This led to the introduction of an engagement ratio,
thereby allowing quantification of a swarm’s EED in the presence of multiple targets
by finding the proportion of agents actively moving towards a target.

In their CMOMMT task, [196] introduced a metric known as the tracking fairness that
measures the monitoring effort of the MRS across all targets. Should a target receive
more attention from the MRS’s agents, the system would have a high tracking fairness
score, indicating over-monitoring of a target or too much exploitation being carried
out by the system. Conversely, a low fairness score indicates that the agents are moni-
toring all the targets evenly and that there is a good balance between exploration and
exploitation.

To develop a tracking strategy for the same CMOMMT problem using deep reinforce-
ment learning [197] used an occupancy grid map (OGM) to characterize the environ-
ment. A tracking fairness based metric was then used, comparable to the one proposed
by [196], as well as an exploration metric based on the latest observation time of all grid
cells in the OGM.

4.3 Agent Response Methods

Once a system’s level of exploration and exploitation is able to be quantified, the bal-
ance between the two activities can then be controlled. The most common method of
adjusting this balance performed by an MAS is by changing an agent’s actions in re-
sponse to locally measured variations in the environment or information originating
from the agent’s neighbors. This method of controlling exploration and exploitation
can elicit two types of response from an agent: (1) trigger a discrete change in state of an
agent, causing it to perform a predefined set of actions associated to either exploration
or exploitation, or (2) cause a small change in an agent’s actions, resulting in a small
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change in bias of the agent’s actions towards either end of the exploration or exploita-
tion spectrum.

4.3.1 Changes in State

When deploying changes in agent states, a large change in an agent’s behavior is ef-
fected in response to a given stimulus observed by either an agent, a subset of agents
or the entire MAS itself. This gives agents the ability to switch from an exploratory to
an exploitative behavior, and vice-versa allows for them to better adapt to their local
environment, with the aim to improve the overall performance of the system. These
strategies tend to base their exploration strategies on random walks [198], followed by
information exploitation driven by either a metaheuristic algorithm or direct travel to-
wards a point of interest should one be detected. A flowchart of such changes in agent
response can be seen in Figure 4.1.

Area exploration via
random walk

Point of Interest
Found?

No

Exploit Point of
Interest

N

Point of Interest
no longer
exploitable

Task Complete?

FIGURE 4.1: Flowchart detailing how an agent deterministically decides
on its response when provoked by environmental stimuli.

These changes in response can either be triggered by an agent itself as a reaction to its
local environment or a coordinating agent can trigger this response change in a certain
subset of the MAS. The latter set of strategies usually involves a centralized controller
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or locally designated leader to determine which agents are to change their response pat-
terns. As can be expected, each set of strategies comes with its own advantages and dis-
advantages. For instance, while using decentralized strategies, an MAS is able to retain
its flexibility, robustness, and scalability. However, keeping these properties of the sys-
tem comes at the expense of more precise control over the overall system’s EED. Using
a set of strategies involving a centralized controller, an MAS user is able to exert greater
and more accurate control over the system’s EED. However, a trade-off must be found,
which inevitably impacts one of the system’s three key characteristics of flexibility, scal-
ability, and robustness.

Self-Determined State Changes

In decentralized systems, changes in an agent’s state stem from its own reaction to
changes in its local environment. Based on this information, an agent decides for itself
if it will carry out exploratory or exploitative actions. When determining their own
state in response to their environment, an agent normally takes into account local ob-
servations carried out by itself as well as information originating from its neighbors.
This allows an agent to react quickly to any changes in its local environment, allowing
the MAS to retain its system flexibility. Agents are also not reliant on a leader or cen-
tral controller assigning it an appropriate response, allowing the system to maintain its
scalability and robustness. However, given this decentralized control strategy, the MAS
will have less control over the overall amount of exploration and exploitation carried
out. A list of such strategies and associated tasks can be found in Table 4.4.

Dedicated Exploration and Exploitation Strategies In various systems, agents may
switch between pre-programmed exploratory and exploitative behaviors. To capture
multiple static targets, the approach proposed by [203] initialized their agents with a
random search behavior to explore the environment. In most works involving simula-
tions, a target signal is modeled by using an objective value function, representing the
type of information to be exploited by the MAS (e.g., radio signal intensity, chemical
plume concentration, etc.). When a target signal was encountered, agents would then
employ a PSO algorithm, allowing the system to exploit the target signal and capture
the target. After capturing the target, the agents would revert to their original state and
resume their random environment search.

Similar changes in state and strategy have been utilized in searching for and track-
ing dynamic targets. In the tracking of multiple dynamic objects of interest under the
CMOMMT framework, [161, 162] programmed their agents to initially explore the area
randomly. However when an object of interest was detected, it would transition into
a tracking mode, change its response, and ultimately alter its velocity to follow that
point of interest. The authors were able to demonstrate that this mixed strategy of
random motion and following a target yielded better tracking performances than an
exploration-only strategy in which the agents only move around randomly.
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To track a fast moving target, [128, 194, 195, 144] initially used inter-agent repulsion
to promote area exploration. When a target was detected, an agent and its neighbors
would activate a PSO-based tracking behavior, allowing the target’s information to
be exploited, facilitating target tracking. This behavior would be disabled once the
target is no longer detected. The ability to dynamically select between the use of ex-
ploratory and exploitative strategies appropriately was demonstrated to be key in fa-
cilitating the tracking of the target as it prevented over-exploitation of the target and
over-exploration of the search space.

Changes in state may also be triggered by signals originating from neighboring agents.
In their work, [205, 206] explored the use of so-called “help calls" broadcast from an
agent when a target is predicted to be leaving its observation range. Other robots that
receive this help call that are not involved in tracking a target move towards the robot
requesting help to assist with the tracking task. The use of help calls is also explored
by [161, 162] who studied their applications in conjunction with various response and
communication models. [163] expanded on this work, incorporating a willingness to
interact parameter that determined the propensity of an agent to aid in the tracking of
a target.

Agents are also able to form dynamic groups dedicated to exploiting information stem-
ming from a point of interest. The formation of groups is more commonly done to-
gether by means of a central controller or through a locally designated leader. How-
ever, these dynamic groups can still be formed using decentralized decision-making.
[204] proposed a strategy to search for multiple targets in which agents are initialized
in the random-walk search mode. When a target is found, a dynamic group comprised
of a maximum of 10 agents is formed. Agents in this group exploit the target’s emitted
signal through the use of a PSO algorithm. At each time-step, agents broadcast their
measured target signal strengths and individually decide if they should join or leave
the group.

The use of changes in agent response is not limited to applications within the domain
of target search and tracking. In their foraging task, [201] split their foraging task into
two separate phases. Initially, agents follow a search phase guided by a random walk.
After a specified amount of resources has been gathered, agents are assigned to travel
to specific regions to exploit high rewarding resource clusters. During this exploitation
phase, the agents travel to their allocated locations via a directed random walk. This
path becomes straighter, and hence more directed over time, allowing the agents to
reduce the amount of exploration carried out.

In a similar foraging task, [179, 146] stored the location of resource patches in a lim-
ited agent-based memory fashion. The authors used a truncation probability that de-
termined if an agent’s exploration via Lévy walks are to be cut short. This allowed
agents to randomly transition between informed movements and random searches. By
increasing the truncation probability, agents of a system could be made to use informa-
tion from its memory more often, leading to a system-level EED that favors exploita-
tion. [195, 144] also made use of memory in their target tracking task. However, instead
of changing the probability of an agent accessing information from its memory, the sys-
tem’s EED was tuned by changing the length of an agent’s memory. A system can be
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made to favor exploitation with the use of longer memory lengths and exploration with
the use of shorter memory lengths.

Artificial Immune System Strategies The ability to change between distinct behav-
iors is also one of the cornerstones of Artificial Immune System (AIS) strategies. First pro-
posed by [209], AIS was later defined by [210] as an “adaptive system, inspired by the-
oretical immunology and observed immune functions, principles and models, which
are applied to problem solving.” Such strategies are commonly used in computational
tasks such as computer security, pattern recognition, and optimization [211, 212], how-
ever they have also seen recent applications in various MRS [213]. In this family of
strategies, all agents are given a repository of behaviors or rules. These behaviors are
associated with state values that are influenced by various stimuli in the environment,
such as the presence of tasks or targets, as well as by the state values of encountered
agents. The behavior with the highest state variable at a given time-step is the one
chosen to be carried out.

Initial adaptations of AIS for use in MRS were mostly limited to the domain of task
search and allocation. In the initial work done by [207, 208], the repository of behaviors
consisted of four strategies: (1) aggregation, (2) random search, (3) dispersion, and (4)
homing to carry out a target tracking task. When a robot encounters another robot,
each robot re-evaluates its behavioral state values. Subsequently, the behavior with
the largest state value is the one chosen to be activated. Using a similar strategy, [214]
also demonstrated the AIS’s potential in situations where is a large influx in quantity
of tasks to be performed by the system. The same strategy was applied by [199, 200] in
a dynamic shepherding scenario, as well as by [164] in a dynamic target tracking task.

Lévy Parameter Changes Instead of using vastly different movement policies to ef-
fect changes in the response of agents, agents using Lévy walks can vary their Lévy
parameter. As explained in Section 4.2.2, changing the Lévy parameter ;. can be used
to influence the overall EED of an MAS; higher Lévy parameter values are used to
shorten the walk lengths of agents, prioritizing exploitation, while conversely lower
values increase walk lengths and hence favor exploration. As such, several MAS make
use of changing their Lévy parameter to influence its EED instead of using dedicated
exploration and exploitation algorithms.

For a system carrying out a destructive foraging task, [202, 178] used a time-based
system paired with a “satisfaction" parameter to determine the transition from the ex-
ploitation mode to the exploration mode. When exploring, the MAS used a small Lévy
parameter to generate long-step sizes. This was changed to favor smaller steps when a
target was found to encourage exploitation. While in the exploitation mode, an agent’s
satisfaction parameter value was increased for each time-step a target was encoun-
tered and decreased when no target was met. An agent would only transition from
the exploitation to exploration when both the satisfaction value reached zero and the
minimum time limit for the exploitation mode was reached.
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To determine the location of forest fires, [181] proposed using a temperature threshold
to determine an agent’s state. In their MAS, all agents are initialized in a searching
state, using a low p value to direct area exploration. Should an agent detect a tempera-
ture higher than a specified threshold value, it would transition to a more exploitation-
focused strategy by employing either a directional-driven Brownian search or regular
Brownian search strategy, drawing from a Lévy probability distribution function with a
higher 1 value.

Assigned State Changes

While self-determined changes in state are mostly found in fully decentralized systems,
assigned state changes can be found in fully centralized systems (i.e., systems where
the movement of all agents is dictated by a central controlled) and hierarchical systems
(i.e., systems with designated ‘leader” agents determining the actions of a small propor-
tion of agents). Using assigned state changes, when a stimulus is found, only a specific
subset of the system comprised of a fixed number or predefined subset of agents is as-
signed to exploit the new stimulus information. This is in contrast to the responses seen
in the previous section in which agents are able to decide for themselves if they should
switch behaviors. Using such behaviors allows for greater and more precise control
over an MAS” EED. However due to the more centralized nature of such strategies, an
MAS must sacrifice a certain degree of flexibility, scalability, and robustness. Using this
class of strategies, the assignment of roles and responses to agents can either be done
dynamically as the task progresses, or during the initialization process. A list of works
assigning agent response patterns can be found in Table 4.5.

Dynamic Agent Assignment While using assigned state changes does indeed reduce
a system’s flexibility, a certain degree of flexibility can still be retained by having agents
assigned to tasks while a mission is being carried out. [236] demonstrated a dynamic
agent assignment strategy in a 2D environment. In their target search scenario, agents
were initialized with a random walk to explore the environment. When a target is
found, a leader agent is designated to coordinate a dynamic alliance comprised of 4
agents. While these agents carry out the target pursuit task, the rest of the agent con-
tinue with exploring the environment. [237] later built on this work and demonstrated
this type of strategy for finding targets in an underwater 3D environment. The agents
employed initially used a Lévy flight-based cruise phase to search for one of multi-
ple targets. When a target is found, a sub-swarm is formed using a centralized self-
organizing map (SOM), which are also used in transfer learning neural networks [240].
Only members of this sub-swarm carry out exploitation of the target’s signal through
the use of the Dolphin Swarm Algorithm (DSA) while the rest of the agents continue
exploring the search area. In both strategies, after successfully capturing the target,
the pursuing sub-swarm’s agents disband and continue with the search process by re-
verting to the cruise phase. Important to this strategy is the dynamic nature of the
sub-swarm’s membership, meaning that agents in the sub-swarm may be substituted
should it stray too far from the target.
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In their work done on tracking and monitoring of multiple dynamic targets with UAVs
in a 3D environment, [239] employed a strategy where all agents carried out a patrol
phase based on the Lévy flight. When a target is detected, the agent closest to the target
is designated as leader. The leader selects the next two agents that are nearest to the
target’s location to form a sub-swam comprising of 3 agents. Only members of this
sub-swarm would transition to a PSO-based tracking mode to exploit this information
and pursue the target until the target leaves the surveillance area. The leader is also
able to substitute agents within the sub-swarm with other agents should the original
agents move too far away from the target.

Similar techniques that assign agents to targets have also been demonstrated by [238]
in aquatic surface operations and by [234, 235] in underwater operations. Instead of
using a random walk, the authors generate a potential field fitness function based on
unexplored areas of the environment and the location of obstacles within the operating
area. Exploration is carried out through the use of a PSO algorithm that makes use of
this potential field by driving agents towards unexplored regions of the environment.
When a target is found, the four agents nearest to the target enter a tracking mode
and are assigned to pursue that target until it is caught by using the PSO algorithm
on the target’s emitted signal. Upon a successful target capture, these agents revert to
the search mode to look for more targets. In another study done on search and rescue
strategies by [230], searcher strategies are assigned to an agent based on the agent’s
distance to a potential target and the ratio of searchers to targets.

The size of the sub-swarms need not be fixed. In [226, 227, 228, 229], work is done on a
Robotic Darwinian PSO (RDPSO), adapted for use with ground robots from the origi-
nal Darwinian PSO by [241]. [215] later expanded on this work with applications using
underwater robots carrying out exploration in a 3D environment. This strategy bal-
ances the swarm’s EED through social exclusion or inclusion of agents and is done by
splitting the MRS into multiple sub-swarms and independent “wanderers" that search
for the solution individually. All of these sub-swarms execute the same target tracking
strategy independently and there is no direct information transfer between different
sub-swarms. However, there are some system-level rules applied during each iteration
that serve to keep the membership of the sub-swarms evolving, thereby facilitating
indirect information transfer.

The system level rules that govern this social exclusion or inclusion of the RDPSO al-
gorithm is the “punish-reward" rule, as well as the sub-swarm creation and deletion
mechanisms. If a sub-swarm improves its best fitness value, it will add the best per-
forming wanderer from the excluded agents into its sub-swarm membership. However
if a sub-swarm has not improved on its fitness value, it will exclude its worst perform-
ing agent, which becomes an independent “wanderer" itself. If after a specified period
of time, a sub-swarm has been rewarded more times than it has been punished, it is
allowed to generate a new sub-swarm. This new sub-swarm will be composed of best
performing agents among the wanderers. However, if the sub-swarm has been pun-
ished more times than it has been rewarded, its population will be reduced, and upon
reaching the minimum number of agents, disbanded and all member agents will be so-
cially excluded. These two mechanisms are key to the dynamic nature of the system’s
sub-swarms and provide a method of indirect information transfer between the groups.
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The exploration carried out by the independent wanderers and the indirect information
transfer facilitated by the dynamic properties of the sub-swarms” membership guaran-
tees a minimum amount of exploration carried out by the overall system.

In numerical optimization, where it is easier to control the movement of individual
agents, it may be decided that sub-swarms may not be needed. As such, a common
strategy observed in this field is to trigger the re-initialization of particles within the
search space [220, 221, 157]. Using these strategies, a central controller will command
the agents to reset their positions to a random location within the search space after
a predefined time period or when a large change is detected in the environment. The
strategy was adapted for use in robotics by [231] for leak source detection. In their
proposed strategy, the average fitness value of each agent was calculated and a subset
of agents that had a fitness value less than the system mean were instructed to restart
their search process from a different location.

Preassigned Roles Besides dynamic response assignment, agents can be assigned a
response pattern during their initialization. Doing so allows for greater control over
the system’s behavior and exploration and exploitation balance in exchange for less
system flexibility. In numerical optimization, [222, 154, 223] proposed a PSO swarm
inspired by the atomic model, consisting of agents clustered close to each other dedi-
cated to solution exploitation and agents surrounding the central cluster dedicated to
exploration.

To solve the Traveling Salesman Problem (TSP), [224, 225] proposed using an Ant Colony
System in conjunction with two sets of agents associated with two different levels of
pheromone sensitivity. Agents more sensitive to pheromones are more likely to be in-
fluenced by environmental stimuli and are therefore able to exploit information stem-
ming from marked search areas. Conversely, less sensitive agents are more likely to be
independent explorers, allowing the discovery of potential search regions. The use of
Ant Colony System that requires agents to modify and exploit their operating environ-
ment will be elaborated upon further in Section 4.4.2.

This use of dedicated agents has also seen applications in the particular class of dy-
namic best-of-n problems. In this scenario, an MAS is tasked with coming to a con-
sensus on which option out of n possible options offers the best conditions to satisfy
the needs of the system [122]. [187, 188, 192] introduced dedicated “stubborn" agents
to their system. These agents did not change their opinion of a given site while other
agents were allowed to change their opinion based on interactions with other agents
using the voter model. These stubborn agents guaranteed a minimum amount of ex-
ploration carried out by the MAS and allowed the system to respond more quickly
when there were sudden large changes in site quality.

Similar dedicated agents have also been used in various MRS. In the subCULTron
project, a heterogeneous swarm of robots was developed and built for the monitor-
ing of an underwater environment [216, 217, 218, 219]. This system relied on a more
mobile set of agents, the “aFish", for exploration of areas within the environment, and
a less mobile set of agents with higher sensor capabilities, the “aMussel", to exploit the
local environment and collect data over long periods of time.
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Similar heterogeneous MRS have been used for tracking of mobile targets in hybrid
camera systems consisting of mobile and static cameras [232, 233]. However, in con-
trast to the subCULTron MRS, static cameras serve as the dedicated exploratory agents,
identifying targets within the coverage area. The mobile cameras are then assigned to
pursue the detected targets by a central controller.

4.3.2 Small Response Changes

In contrast to the large changes in state that result in drastic changes in an agent’s be-
havior and response, an MAS’ agents may choose effect smaller changes in its response
patterns. While these minor adjustments in an agent’s behavior may not result in such
extreme changes in a system’s overall EED, they allow for more precise adjustments of
the level of exploration and exploitation carried out by an MAS. A list of such strategies
can be seen in Table 4.6.

Attraction-Repulsion Dynamics

Effecting changes to an agent’s attraction and repulsion strength with respect to its
neighbors or specified points in the environment is one of the more common small
response changes used. Increasing an agent’s repulsion strength has the effect of aug-
menting the amount of exploration carried out by that agent. Conversely, increasing an
agent’s level of attraction favors more exploitative actions. Done across an entire MAS,
this allows for regulation of a system’s EED. When applied within an MRS context, the
inter-agent repulsion also generates a collision avoidance behavior as a byproduct of
this mechanism. Most repulsion vectors are calculated as follows:

a Tt
A 4.2)
S | gl

where a is the set repulsion parameter, d is a constant, and z; ; is the vector from an
agent i to a point of repulsion j. This point of repulsion is usually a neighboring agent
and using an equation similar that seen in Equation 4.2 results in higher repulsion
strengths being generated when two agents are close together. Hence, when using
such repulsion equations, agents are strongly repelled from each other when they are
immediately next to each other (see Fig. 4.2), discouraging excessive exploitation of the
environment.

In a swarming MRS developed to find the source of a dynamic odor plume, [255], in-
spired by the Charged PSO algorithm developed by [222], increased the strength of an
inter-agent repulsion parameter when robots came within a predefined distance of each
other to avoid high levels of clustering within too small an area. It should be noted that
in the experiments done by [255], the size of the environment and the number of robots
in operation, and hence the global average swarm density, are known a priori. This al-
lowed for the authors to tailor the repulsion parameters and optimize the robot’s search
behavior accordingly [260]. A similar repulsion scheme was adapted by [134] for use in
their dynamic target tracking swarm. Similarly, to prevent excessive agent clustering
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FIGURE 4.2: Inter-agent interaction forces generated by various repul-
sion and attraction schemes. Positive values indicate an attractive force
and negative values indicate a repulsive force.

while carrying out a target tracking task, [128, 194, 195, 144] employed an adaptive re-
pulsion algorithm that gradually increased the strength of inter-agent repulsion while
agents were exploring the area. This repulsion strength was also gradually decreased
while agents were attempting to move towards a target. In these works, a repulsion
equation similar to that seen in Equation 4.2 was used.

In addition to inter-agent repulsion to prevent excessive aggregation when tracking
multiple mobile targets, [258] also varied an agent’s attraction strength to a target based
on the distance between an agent and the target, with targets further away triggering
a weaker attraction response. Furthermore, the authors also implemented agent-target
repulsion when an agent moved too close to a target to prevent excessive exploitation.
Developing this strategy further, [259, 205, 206] reduced the weight of the point of
attraction generated by targets already being tracked, preventing the overlap of robot
sensing areas, further reducing the over-exploitation of a target. In these works, a linear
repulsion function was used, as seen in Fig. 4.2, instead of the exponential function that
is normally used.

In a target search task, [256] ignored inter-agent repulsion and focused only on the use
of attraction by combining the Lévy walk together with a Firefly Optimization algo-
rithm to generate a velocity vector for each agent at each time-step. An agent’s velocity
is influenced by the attractiveness value of other agents within its communications
range, encouraging exploitation, and a random point within the environment obtained
from a Lévy distribution, encouraging exploration. Using the proposed strategy, an
agent’s attractiveness is based on a function on the amount of time elapsed since it
last encountered a target. An agent that sees a neighbor with a high level of attrac-
tiveness will bias its movements more towards its neighbor than towards the point of
exploration.
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Besides the inter-agent repulsion behavior more commonly utilized, [257] also imple-
mented an inter-agent short range repulsion and long range attraction (SRLA) compo-
nent within their strategy based on inter-agent distances, effectively preventing exces-
sive exploration for their k-capture game carried out by an MAS. In addition to this,
they developed a Short Range Repulsion Long Range Attraction Medium Range Re-
pulsion (SRLAMR) scheme where the inter-agent force transitioned between repulsion
and attraction depending on the inter-agent distance. These two attraction and repul-
sion schemes were derived from the work done by [261, 262] and can be seen in Fig. 4.2.
Comparing these schemes with the exponential repulsion schemes, the authors found
that using the exponential repulsion scheme resulted in too much exploration, pre-
venting targets from being captured, while the SRLA and SRLAMR schemes promoted
agent clustering, facilitating the capture of targets. However, the SRLAMR scheme out-
performed the SRLA scheme due to the former resulting in the dynamic formation and
dissolution of agent clusters over time. These clusters were also distributed across the
search space, demonstrating a balance between exploration and exploitation, allowing
the system to capture fast-moving targets. By combining and adjusting the strength
of separate inter-agent attraction and repulsion fields, [170] has demonstrated that a
stable equilibrium position can be attained where agents maintain a fixed relative po-
sition to each other even though the entire swarm may be in motion. This allowed for
the overall surface of an MRS, and hence the overall EED of the swarm, to be controlled
even though the entire system may be moving.

Inter-agent attraction and repulsion is also commonly used in MAS tasked with area
coverage and monitoring, which is a task that requires the prioritization of exploration
over exploitation. [242] demonstrated how agents of an MRS can be distributed and
deployed across a search space through the use of an exponential repulsion scheme.
In addition to inter-agent repulsion, robots were also repelled by obstacles in the envi-
ronment, allowing robots in their MRS to distribute themselves evenly across complex
environment shapes.

This area coverage task was expanded on by [243, 244] who demonstrated the use of
an physical MRS system for a dynamic area coverage problem: i.e., covering an area
that changed shape over time. To achieve this, they augmented inter-agent repulsion
together with a potential field gradient attracting agents outside the designated moni-
toring area towards the area perimeter. This was done to limit unnecessary exploration
and encourage exploitation in the correct areas.

Comparable attraction-repulsion dynamics were also demonstrated by [245]. In their
area coverage strategy inter-agent repulsion was used to prevent coverage area over-
lap, therefore stopping over-exploitation of the environment. This was supplemented
with an agent-based “selfishness" term that directs the agents towards less visited ar-
eas, thereby promoting system exploration.
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Random Walks

In environments where there is a lack of information, strategies based on attraction-
repulsion dynamics may not be viable due to the lack of stimuli to drive agent ac-
tivity. To operate in such information sparse environments, random walks, such as
Lévy walks, are a popular strategy to promote area exploration. However, the use of
Lévy walks may result in inefficient searching due to possible inter-robot collisions
and coincidental clustering of robots. As such, [182] developed a random walk in
which agents determine their walk sizes based on a local swarm density estimation.
This allows an agent to carry out longer random walks—and hence carry out explo-
ration when in a less crowded areas and shorter walks—while allowing the agents to
carry out more exploitation when in areas with higher agent densities. The use of an
adaptive step size is a common class of strategies in computational optimization al-
gorithms [246, 247, 248, 249]. In such strategies the step size is varied based on the
path taken by the solution; the step size is decreased should the solution stay around
the same region of the search space for several iterations, enabling better exploitation,
and increased should the solution move in the same direction for several consecutive
time-steps, facilitating exploration.

Similarly, [180] also varied the Lévy parameter, 11, of individual agents using a param-
eter based on the amount of time elapsed since an agent’s last target encounter. Using
this strategy, an agent’s Lévy parameter value continuously decreases towards unity
while an agent does not encounter any targets. Doing so allowed for an agent to grad-
ually prioritize exploration if it does not encounter a target for long periods of time.
In addition to adjusting an agent’s Lévy parameter based on the number of resource
encounters within a given time-frame. Similar to this, [254] also explored varying a
parameter that determines an agent’s propensity of prematurely interrupting a Lévy
walk should the agent experience a decreasing number of resource encounters. By in-
creasing the chances of interruption, the agent is more likely to change its search path
and explore the search area.

During their exploration phase while carrying out a foraging task, [201] used an in-
formed random walk that is initially undirected and localized to look for patches of
resources. As an agent gathers information about resource locations, these walks be-
come more directed as agents tend to move directly towards higher yielding patches.
This allows agents to exploit high rewarding resource patches while retaining some
ability to explore the environment for better locations.

Time Intervals

The use of environment sampling intervals as well as communication time intervals
is also a method that can be used to control the level of exploration and exploitation
carried out by an MAS. This is the primary method used by the BEECLUST algorithm
first proposed by [171, 172, 250]. This algorithm was formulated after observing bees
tending to cluster in regions of higher temperature and in regions where clusters are
already present. When implemented in an MRS, agents attempted to find an area il-
luminated by the source with the highest light intensity where the light intensity of
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the sources varied over time. Using this algorithm, agents measure their local environ-
ment’s light intensity only when they collide with other agents and proceed to wait in
position for a period of time. This waiting time is determined by each agent individu-
ally and increases with the measured light intensity. This leads to a positive feedback
loop where longer wait times lead to more aggregation in areas with higher light in-
tensity. This phenomenon is known as Motility-Induced Phase Separation (MIPS) [263]
and eventually results in higher levels of exploitation carried out by the system in ar-
eas of high agent density. Algorithms making use of MIPS were later studied by [252]
for use in underwater environments and demonstrated in physical robot platforms by
[253].

While effective, the positive feedback loop caused by MIPS may cause the system to
over-exploit a specific area and result in lower levels of responsiveness in the presence
of a highly dynamic light source. As such, [173] modified algorithm to account for an
agent’s local swarm density when determining its wait time. This modification allowed
an agent to move off earlier when located in an area of high swarm density, preventing
over-exploitation and improving the system’s ability to respond and adapt to a highly
dynamic environment.

In their area exploration task using agents with very low communication ranges, [118]
varied the time interval at which robots regrouped to trade map information at a prede-
fined position. Using this strategy, shorter time intervals forced agents to regroup more
often, favoring exploitation. Conversely, longer intervals allowed agents to move fur-
ther before regrouping, allowing for more exploration. The simulation results obtained
suggested that shorter time intervals and higher levels of exploitation performed bet-
ter in smaller environments while longer time intervals and more exploration yielded
better results in larger environments.

Sampling time intervals were also studied by [120] in their area characterization and
collective decision-making task. The authors developed an algorithm that caused agents
to sample their environment and communicate with their immediate neighbors only af-
ter specific time intervals. In changing these observation time intervals, it was shown
that shorter intervals result in agents taking more measurements, increasing their rate
of exploitation, and being able to accurately characterize their local area. However, the
overall system displays lower decision accuracy when characterizing the entire area.
As with the work done by [118], this is the result of over exploitation done by the
agents due to multiple measurements being taken of the same region of the environ-
ment, leading to a high level of spatial correlation between the robots” location and the
MRS consensus. In contrast, longer observation intervals lead to less samples being
taken. However, since the robots sample over a larger distribution of tiles, a higher
level accuracy obtained by the system when attempting to characterize the whole en-
vironment.

4.3.3 Area and Task Assignment

In addition to the previously mentioned methods, agents can also be assigned to a
specific area or task to manage the overall EED of an MAS. Doing so usually requires
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an estimation of where points of interest are expected to be and the location of agents at
any given point in time. Also, doing so allows for a belief map of to be generated that
maps both the estimated demand for and supply of agents. Moving agents from areas
of high supply and low demand allows for more exploration to be carried out by an
MAS and prevents the over-exploitation of certain areas. These maps can be generated
by individual agents themselves based on local measurements or be done on a global
level and transmitted down to the agents. A list of such strategies is summarized in
Table 4.7.

Using independently maintained agent supply and demand estimation maps in their
target tracking task, [266] derived a utility distribution to drive robots towards areas of
the search space in which they would provide the highest amount of utility to the entire
system. Similarly, [264] in their patrolling task used a central controller to partition a
search area into multiple sub-regions that were assigned to individual agents. Doing
this allowed areas that saw more target visits to be partitioned into smaller sub-regions,
thus facilitating the assignment of more agents and higher levels of exploitation in that
specific area. Belief maps were also used by [190, 191] in a dynamic task assignment
scenario in conjunction with task transition probabilities. Using their strategy, agents
would increase their probability of performing tasks with higher demand but low agent
supply.

In situations where communications are denied in the operating environment or when
belief maps are not used, agents can be activated probabilistically to carry out a task
based on their level of experience. Such strategies are usually carried out through the
use of probability thresholds, with less experienced agents being more likely to be de-
ployed to carry out their own exploration of the environment. [265] utilized this type
strategy in a resource foraging scenario where agents with less map information had
a higher probability of being deployed in the environment to gather resources, giving
them the chance to build up their personal maps of the operating environment. While
this type of strategy does not yield the best performance, it allows the system to main-
tain a level of robustness by having a large pool of experienced agents. This in turn
enables the system to continue with its task in the event where its most experienced
agents are lost.

4.4 Information Dissemination Methods

The second broad category of approaches towards controlling the exploration and ex-
ploitation dynamics of an MAS is based on adapting the way information is dissem-
inated across the system. This system-wide information transfer can be achieved by
means of direct or indirect communication strategies. Indirect methods are often ob-
served in nature with agents altering the environment to convey information to fel-
low agents: this process is known as stigmergy. For example, some ant colonies use
pheromones to guide worker ants to various food sources [267, 268]. Direct methods
can be observed in colony of bees when the dancer bee dances to signal the onlooking
bees on the quality of the food sources found. With engineered systems, radio trans-
missions offer a direct means of communication that is the most common among MRS
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for dissemination of information. These methods are generally used in tandem with an
agent response method that controls the amount of information an agent has access to.
By doing so, an agent’s actions and responses can be influenced indirectly and can have
large effects on the system’s collective response to the environment [3]. A list of main
strategies that influence an MAS EED through changing the level of communications
between agents can be found in Table 4.8.

4.4.1 Changes in Network Topology

MAS that use direct communication methods can control the information flow within
the system by varying several possible communication network parameters, such as
number of neighbors (for individual agents), agent’s communication range, and var-
ious techniques like sub-swarm assignment and forced network change. These are
further elaborated in the following sub-sections.

Number of Neighbors

One of the network parameters that can affect the dissemination of information is the
number of direct (or immediate) neighbors that each agent possesses. It is worth stress-
ing that the concept of “neighbor" shall not be limited to classical definition according
to a metric or Euclidean distance. Instead, this concept should be considered in its
most general form, which is conveniently captured by the network theoretic concept
of node degree [281]. In general, most of the studies consider the number of neighbors
as a system-level parameter—i.e., all the agents ¢ have the same number of neighbors
k; = k—although it is absolutely possible to envisage a heterogeneous system, in which
the k; values are different. When considering this parameter £, it is crucial to distin-
guish between directed and undirected networks. Specifically, with a directed network,
the information flows across the system in one direction, i.e., if agent A is a neighbor
of agent B then the information flows from A to B, but not necessarily the other way
round. Directed networks make the relationship between agents asymmetric in terms
of information flow. On the other hand, with undirected networks, that relationship is
symmetric, meaning that the information flows in both directions when two agents are
connected.

Through these repeated local information exchanges, an agent is able to form local de-
cisions based on the information gathered by itself and its immediate neighbors—still
in the network sense. For instance, using the PSO algorithm, changing the number of
neighbors an agent communicates with is one of the key methods for controlling the
level of exploration and exploitation carried out by the system [273, 274, 275, 276, 128,
194, 195, 144]. By increasing k, information about the global “best" solution can be prop-
agated more swiftly around the system, thereby encouraging exploitation. Conversely,
by reducing the degree k, information propagation is slowed down. This prevents
agents from over-exploiting the same information, thereby increasing system explo-
ration.
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To prevent agents from being trapped in local optima, [174] developed a robotic PSO
strategy using a synthesized dynamic neighborhood. In this framework, an agent ex-
pands its neighborhood should it be determined to be trapped in a local optimum. By
using such expanding neighborhoods, trapped agents have a chance to find and follow
a “leader" with a better fitness value, thereby progressing towards the global optimum.
This concept was further explored in [272, 27, 280, 128, 194, 195, 144], where various k-
nearest neighbor systems were evaluated in multiple targets tracking and multi-robot
mapping operations. It was observed that system performance tends to improve as
k increases to an optimal value [272, 280, 128, 194, 195, 144]. Beyond this optimum,
increasing k yields detrimental effects to the system performance due to the MAS’ ten-
dency to over-exploit information at higher levels of connectivity. This optimal level
of connectivity was also found to be dependant on the rate at which the environment
evolves; within a fast changing dynamic environment, a system with lower k performs
better due to the slower spread of outdated information across the system, thereby
promoting exploratory behavior.

Such observations have also been made when observing MAS in static environments.
[148] observed an optimal k& when attempting to obtain multi-agent consensus in a
noisy static environment and reduce the error between this consensus and the ground
truth. The simulations also demonstrate a well-known result in network science where
efficient and well connected networks result in better short-term results to the detri-
ment of long-term performance while more diverse and less connected networks result
in poorer short-term results and better performances in the long-term [282, 283, 284].
When attempting to reach a consensus on the best direction of movement, [270] demon-
strated that there was an ideal attention limit, the number of stimuli an agent can process
at any given point in time, at which the accuracy of the system consensus was maxi-
mized. This occurs because a large attention span results in strongly connected flocks
that tend to converge and exploit a single source of information very quickly while
a small attention span leaves the system vulnerable to small variations in an individ-
ual’s movement. Due to the rapid convergence on a single source of information—i.e.,
over-exploitation, it is very difficult for informed individuals to inject new sources of
information to the system and promote further exploration, resulting in low system
accuracy. However, when agents have a very low attention limit, the system becomes
susceptible to noise and variations in the movement of individual agents, causing the
system to explore many different potential sources of information, also leading to the
degradation of the system’s performance [272].

[27] also used this method of control by changing the number of neighbors in the net-
work to perform collective mapping operations. In this work, the individual robotic
units get access to sensor information based on the k-nearest-neighbor network. This
information, in the form of occupancy grid maps, is used by the agents to form local-
ized decisions about the next waypoint. This allows for a fully decentralized control of
the agents to move towards unexplored spaces via frontier exploration [285].
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Communication Range

For the operation of MRS, the maximum communications range between two robots
is of significant interest as it is one of the key factors that determines the maximum
number of neighbors in an agent’s communications network. As such, many studies
carefully focus their investigations on the limitations associated with the communica-
tion range.

[278] studied the swarming system behavioral plasticity at the collective level in dy-
namic environments with a class of foraging problems. The nature of the changes
occurring in the environment is associated with the quality of food sources in the
environment—i.e., at each food patch quality change interval, the deposited quality
changes. Various strategies have been explored in these dynamic environments. Some
strategies are based on the idea of exploration-exploitation by tuning two parameters:
the probability of switching to an exploring agent and the communication range. It is
interesting to note that in static environments, a “maximum" information sharing rate is
beneficial when the system makes collective decisions. However, when the swarm op-
erates in a dynamic environment, information transfer needs to be carefully controlled
to achieve a balance between exploration and exploitation. This balance is essential for
the system to achieve high levels of adaptivity to find new and possibly better quality
foraging sites, instead of constantly exploiting the same foraging site(s).

Along the same vein, [269] worked on finding and maintaining a balance between peer
agreement (exploitation) and exploration of new solutions. Their simulated swarm is
modeled after locusts in a two-dimensional space and their movement is restricted to
either clockwise or counter-clockwise. The agents use information available to them
(e.g., neighbors and its own information) and taking into account system noise to lo-
cally decide whether to move in a clockwise or counter-clockwise direction. This work
analyzed the relation between social feedback and noise, and collective coherence. The
method aims to minimize the number neighborhood connections while maximizing the
system’s collective coherence and response to the sudden addition or removal of agents
(i.e., changing swarm sizes). Classically, the global agreement is an emergent behavior
resulting from the sum of local coordination efforts. However, if the neighborhood is
small, the agents are more willing to adapt their actions to the local environment, a
result also demonstrated by [271, 277] in a movement consensus task and in a dynamic
optimum area aggregation task respectively. However, this over-willingness to adapt
leaves an agent vulnerable to random fluctuations of its neighbors” output—i.e., the
swarm becomes undecided, with a low degree of coherence [286, 287]. This is similar
to using too little neighbors in an agent’s communications network as explained in the
previous section. Therefore the strategy deployed controls the swarm by changing the
size of its neighborhood, and hence its level of exploration and exploitation.

[279] proposed a Non-Reciprocal-Interactive-Based (NRIB) model based on the idea of
“exploration-exploitation." Essentially, a non-reciprocal interaction network is directed.
Initially, the homogeneous agents are spatially distributed in the field. Once an agent
enters an area of tasks, its workload increases, while the area tasks decreases at a con-
stant rate. As the neighbors detect this increase in workload within its network, they
will approach it and execute it cooperatively, effectively exploiting this new source of
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information. When the tasks are completed, the workload of the robots will naturally
decrease and they will start repelling one another, exploring the area and seeking out
other tasks.

Similar to the work done by [269], the improved NRIB model includes a key parameter
to better direct the system’s exploitative activities: the radius of communication range.
The intention is for the agents to look for other agents that need help outside of their
initial neighborhood. In case where there are too many agents with a high workload, it
could create confusion for the agent to determine its next waypoint. Therefore, reduc-
ing the radius of communication range can help the agents find the nearest neighbor
with the highest workload, allowing exploitative actions to be better directed. An auto-
matic tuning mechanism is implemented to adjust the radius of communication range
based on the workload of the neighborhood.

Forced Network Changes

Should a fixed level of connectivity be desired, changes can be made to the network’s
structure by changing an agent’s communications neighbors. This allows an agent to
maintain the same communication range or number of neighbors, while allowing for
more information diversity in the agent’s network. [161] dealt with online multi-object
k-coverage. The strategy is inspired by an ant foraging method that consists in both
negative and positive feedback loops. When two cameras are connected to each other,
this is connection is considered as a link and that will be reinforced as long as the cam-
eras continue to “see" the same object. The strategy also allows for the weakening of
this connection as all link strengths decay over time. This decay opens the possibility
for it to be used in dynamic environments as the system can unlearn the links, prevent-
ing the over-exploitation of outdated information sources.

In the work by [161], various network structures are used, namely the k-nearest, k-
furthest, and k-random networks. The k-nearest and k-furthest networks are based on
Euclidean distance, while the k-random network is based on a set of randomly chosen
neighbors across the entire system, allowing the communication to gradually expand
to “all" cameras. Using topologies such as the k-furthest or k-random networks essen-
tially allowed the agents to explore a larger area by permitting the gathering of infor-
mation from neighboring agents further away. This increased amount of exploration
was studied while using various response models (e.g., moving to assist in the tracking
of the closest target, moving to assist in the tracking of the target with the lowest num-
ber of pursuing agents, etc.). Using wider networks paired with the response model
increased the level of exploration of an agent as well as allowed the agents to select
the most appropriate source of information to exploit that will benefit the system the
most.

[1] demonstrated a “Forced-Switching" network model for their distributed consensus
task, where an agent switches its ks nearest neighbors to a more distant set of neighbors
with a given probability, p (see Fig. 4.3). This allows agents to obtain a wider, yet still
local, information set. Similar to the k-furthest and k-random network structures used
in [161], this network topology essentially allows an agent to explore the environment
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FIGURE 4.3: (Left) A standard communication model with an agent in

communication with its 10 nearest neighbors. (Right) A forced switching

communication model where k, = 5 of the nearest neighbors are substi-

tuted with a more distant set of neighbors within the black circle with a
probability of p. [1]

more by allowing an agent to sample from a larger set of information. This in turn
leads to higher levels of consensus, especially in slow evolving environments.

Lastly, [288] analyzed the influence of switching agents on the topology of the network
of interaction when considering simulations of self-propelled particles. The overall
coherence of the swarm—measured through its polarization—was found to increase
with agent switching.

4.4.2 Stigmergy

Should an MAS operate in an environment where direct agent-to-agent communica-
tions are denied, indirect methods, such as stigmergy, can be used. In this framework,
an agent is able to elicit a response from other agents in the system by leaving traces in
the environment [302]. This concept was first introduced in [303] and has been applied
in various MAS.

The most notable application of stigmergy is the Ant Colony Optimization (ACO) algo-
rithm, first proposed by [291]. It has been used in various optimization tasks ranging
from vehicle routing problems to electrical grid management [304]. Using the ACO
algorithm, agents deposit markers, also known as pheromones, as they traverse the en-
vironment. These pheromones are most commonly used attractively, drawing agents
to points of interest, with most commonly used pathways being reinforced with higher
pheromone concentrations, hence resulting in a positive feedback loop encouraging ex-
ploitation. To prevent over-exploitation and encourage exploration, these pheromones
are subject to evaporation, causing the attractive strength of a given pathway to de-
crease over time [305]. In addition, pheromones can also be subject to diffusion, al-
lowing agents to explore adjacent solutions [292, 293]. As previously mentioned in
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Sec. 4.3.1, Ant Colony algorithms can also be used in systems comprised of two differ-
ent levels of pheromone sensitivity [224, 225]. This allows for a dedicated sub-group
tasked with exploration and another for exploitation.

In addition to computational optimization tasks, these algorithms have also been im-
plemented in various MRS. [294] simulated the ACO algorithm’s use in a robot swarm
tasked with finding the shortest path between two points in a dynamic environment.
However, in addition to the rate of pheromone evaporation, they also re-initialize the
system and erases the existing pheromone trail when the system is determined to be ap-
proaching stagnation. This strategy essentially triggers a large increase in the amount
of exploratory activity carried out by the system’s agents. During this period, the sys-
tem re-explores the solution domain before it is able to exploit a new set of information
gathered through the exploration process and finally converges on a new solution. This
is similar to the re-initializing of PSO strategies seen previously in Sec. 4.3.1.

Several groups have worked to bring the ACO algorithm from the virtual to the phys-
ical world, showing the feasibility of using such exploration and exploitation control
strategies in real-world problems. While using robots to carry out a target search task,
[295, 296, 297] spread out RFID data carrier tags around the physical operating space to
act as pheromones within the environment. A similar strategy was also employed by
[298, 299], who used a physical RFID grid to generate a map exploitable by a swarm of
robots, guiding them towards a target. Using this type of strategy, robots are equipped
with an RFID writer/reader and update the pheromone levels of the tags when they
are encountered. Doing so allows an agent to exploit the environmental information by
following a gradient descent algorithm towards the target. Similar to their counterparts
in computational optimization, these pheromones are also subject to evaporation, pre-
venting the robots from exploiting outdated information. [300, 301] later built on this
work by supplementing the strength of the pheromone with a vector pointing the direc-
tion of areas with higher pheromone concentrations. This allows an agent to carry out
more effective (targeted) exploitative actions, improving search efficiency and success
rates when searching for both dynamic and static targets.

Instead of using pheromones attractively, [289, 290] have also shown that they may be
used in a repulsive manner in their area mapping and exploration scenarios. Similar to
“no-entry" signals in ant foraging patterns [306], these negative pheromones facilitate
area coverage and exploration by preventing agents from taking overlapping paths,
thereby encouraging agents to take paths not previously explored. However, [290]
has shown that agent exploration is limited using this strategy when there is an agent
located in an area with higher swarm densities. This is because the large amounts of
repellent pheromone in the vicinity of an agent limits its movement, preventing it from
carrying out any useful exploration.

4.5 Conclusion

The so-called exploration-exploitation dilemma is a common challenge faced by many
systems operating on the basis of collective decision-making, including those encoun-
tered by various multi-agent and multi-robot systems. This dilemma stems from the
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fact that, in general, exploration and exploitation tend to be mutually exclusive tasks.

The allocation—Dbe it automated or human driven—of agents to these exploration and
exploitation tasks is nontrivial; a large proportion of agents carrying out exploration
would indeed result in many points of interest being identified, however, the system
would not be able to fully benefit from these points. Conversely, while a large propor-
tion of agents carrying out exploitation would increase the rate at which the system
profits from the information currently available, the system would not be able to adapt
to a dynamic environment—in particular a rapidly evolving one—and may not be able
to maximize the amount it profits from the environment.

Given the challenging nature of this problem and the diverse range of applications
for MAS and MRS systems, there is a large body of literature dedicated to studying
the balance between exploration and exploitation in such systems. These studies and
works often originate from different disciplines, (e.g., autonomous multi-agent dy-
namics, field robotics, and service robotics) and utilize various tools and methods to
develop solutions and strategies in relation with their specific problems (e.g., control
theory, simulations of self-organized behaviors, and physical experimentation). Given
the multidisciplinary nature of this problem and the large body of work reported in
the literature over the past decade, in this review, we identify and classify the com-
monalities among different solutions and frameworks, as well as between the different
definitions of exploration and exploitation.

To this end, we have categorized the methods used to control the level of exploration
and exploitation carried out by an MAS into two broad categories, namely “agent re-
sponse methods" and “information dissemination methods." The latter can be further
broken down into “network topology methods", where a system’s communications
network parameters are changed to regulate the flow of information across the MAS,
and stigmergy, where an agent is able to indirectly elicit a response from other agents in
the system by leaving behind a signal in the environment. Similarly, the broad category
of “agent response methods" can be further broken down into: (i) methods that cause
an agent to display large and drastic changes in the way it deals with the environment,
(ii) methods that result in smaller changes in an agent’s response to its environment,
and (iii) the assignment of agents to areas of interest or tasks found in the environ-
ment.

In addition, we have also summarized the methods used in various studies to quantify
the level of exploration and exploitation carried out by an MAS. Such quantitative anal-
yses rest upon the proper definition of metrics, which are key to estimating an MAS’
exploration—-exploitation balance, thereby allowing one to see if a proposed strategy is
working as intended, and make adjustments as needed. However, as is apparent in
this review, metrics tend to be closely tied to their specific applications/problems and
there is no generalized metric available to measure exploration and exploitation. This
important point has also been raised in previous reviews, and a similar observation
was also made in reviews about swarm robotics [307] as well as human-swarm interac-
tion [308]. The lack of a single/absolute metric applicable to different problems limits
our ability to truly rank different approaches and strategies. Even if there is no guaran-
tee that such a universal metric exists, we strongly believe that the community working
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on these problems would benefit from ways to compare and rank current MAS strate-
gies.

On top of the metric issue just discussed, it is worth stressing that the fact that most
methods/strategies are developed for a specific problem is also an issue. The effec-
tiveness of any approach should clearly be scenario independent. A swarm’s flexibility
and adaptivity—i.e., swarm intelligence—is the key concept underpinning this, and it
has never been understood as limited to one particular task. In our view, a true swarm
should exhibit flexibility and adaptability in vastly different scenarios. Although, seek-
ing swarm intelligence in its most general aspect is a laudable objective, it is still an ex-
tremely challenging task in practice, and multi-agent reinforcement learning (MARL) is
attempting to do just that [309, 310]. Nonetheless, the design of a benchmark problem
would offer the possibility to quantitatively compare the various approaches consid-
ered for this problem of exploration—-exploitation balance. In the process of designing
such a benchmark problem, one can also identify a range of scenarios where swarm in-
telligence is advantageous for the task. In other words, it is critical to determine the set
of environmental parameters that calls for the deployment of a swarm, and for swarm
intelligence to enable the effective cooperation of the MAS. For instance, it could be
debated if swarm intelligence would really be necessary when dealing with a static
problem.

We argue that to probe and quantify swarm intelligence, an MAS has to be subjected
to challenging circumstances, which would be equivalent to some sort of “stress test"
for flexibility and adaptivity. It is only then can one assess and comment on the level
of swarm intelligence demonstrated by a system. We propose that such a “stress test"
could take the form a benchmark problem with a range of specific features. As previ-
ously explained, the environment in which the MAS is operating should be dynamic
and preferably with a relatively fast rate of evolution when compared to the dynamics
of a single agent. Specifically, a single-agent system should be unable to cope with the
pace of changes in the environment, whereas an MAS made of several of these agents
could cooperate to navigate such fast-evolving circumstances by almost continuously
adapting its exploration—exploitation balance. The system’s exploratory behavior can
be evaluated as it attempts to find or accomplish multiple objectives (e.g., tracking of
multiple targets, mapping of multiple areas). The system’s exploitative behavior can
be evaluated as it attempts to exploit multiple spatial objectives—i.e., objectives with
spatially distributed tasks within the environment. Indeed, a single spatial objective
can conveniently be tackled with reduced exploration since the exploitation is highly
localized within the environment. From the perspective of a virtual MAS, it is possible
to consider ideal sensors (without noise), localization, and inter-agent communication.
This therefore eliminates a number of unknowns as the MAS algorithm is being evalu-
ated on a selected benchmark problem, allowing for a more accurate evaluation of the
algorithm’s true flexibility.

In this review, we deliberately avoided making a distinction between theoretical anal-
ysis, simulations, and actual robotic experiments. However, it is important stressing
that performing large-scale experiments with a large number of robots still remain a
challenging and complex task [130]. While an ideal robotic system will act in the same
way as its simulated counterpart, various factors (e.g., robot kinematics, environmental
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conditions, and noise) will affect the final behavior of an MRS. The differences between
simulated and physical systems will only grow as the number of MRS agents increase.
Currently, a large proportion of experimental results available tend to be limited in size,
scope, and robustness. This highlights the need for more extensive experimentation in-
volving larger systems operating in more complex environments [311].

Obviously, this particular area of research is a fast-moving one, given the ever increas-
ing technological readiness level of MRS. As detailed in two recent comprehensive re-
views [129, 108], one can expect to see a growth in the number of large-scale MRS
deployed to tackle a number of tasks requiring a fine balance between exploration and
exploitation, which has been shown throughout this review to be rather complex and
challenging.
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Reference Maetric Task
[160] Area observed by at least two Area Cover-
agents age
[154, 165, 141, 138] Euclidean distance between Optimization
solutions
[155] Euclidean distance between Optimization
solution and mean system so-
lution
[156] Euclidean distance between Optimization
solution and median system
solution
[157] Standard deviation of all can- Optimization
didate solutions
[174] Fitness value between sub- Optimization
swarm leaders and mean fit-
ness value
[172,173] Local agent density Optimal
Area Aggre-
gation
[152, 110, 158, 159] Agent sensor overlap region  Target
Search
[166, 167, 168, 169, 134, 170] Euclidean distance between Target
agents Search
[132] Number of agents within vi- Target
sual range Search
[161, 162, 163] k-Coverage Target Track-
ing
[164] Distance between agents, dis- Target Track-
tance between targets and ing

agents & distance moved by
agents in one time-step

TABLE 4.1: List of works using spatial distribution metrics to quantify
MAS exploration and exploitation.
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Reference Metric Task
[183, 184, 185] Lévy parameter Area Mapping
[187,188] Opinion switching proba- Best-of-n  Prob-
bility lem
[178,180] Lévy parameter Resource Forag-
ing
[186, 179, 146] Lévy parameter and Resource Forag-
memory utilization ing
probability
[189, 190, 137, 191] Task switching probabil- Task Allocation
ity threshold
[176,177,181, 182] Lévy parameter Target Search
TABLE 4.2: List of works using probability based metrics to quantify
MAS exploration exploitation dynamics.
Reference Metric Task
[187, 188, 192] Number of stubborn agents Best-of-n  Prob-
lem
[193] Number of unique messages broadcast Collective

& proportion of agents broadcasting Decision-Making
unique messages

[128, 194] Correlation between an agent’s direc- Target Tracking
tion of travel and directional bearing to
target
[196] Tracking fairness Target Tracking
[195, 144] Engagement ratio Target Tracking
[197] Tracking Fairness and time-based oc- Target Tracking

cupancy grid map

TABLE 4.3: List of works using their own developed methods or metrics
to quantify the level exploration and exploitation carried out by an MAS.
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Reference Strategy Task
[199, 200] Agent behaviors selected using AIS Dynamic
Shepherding
[201] Random walk search phase & agent assign- Resource
ment exploitation phase Foraging
[179, 146] Lévy Walk exploration & memory driven Resource
exploitation Foraging
[202, 178] Dedicated exploration & exploitation Lévy Resource
parameters Foraging
[203, 204] Random search & PSO tracking strategy Target Cap-
ture
[205, 206, 161, 162] Random search & target following strategy Target
Tracking
(CMOMMT)
[163] Pattern search & target following strategy Target
Tracking
(CMOMMT)
[128, 194] Repulsion based exploration & PSO track- Target Track-
ing strategy ing
[195, 144] Repulsion based exploration, PSO tracking Target Track-
strategy & adjustable memory length ing
[164] Agent behaviors selected using AIS Target Track-
ing
[181] Dedicated exploration & localization Lévy Target Sup-
parameters pression
[207, 208] Agent behaviors selected using AIS Task Assign-
ment

TABLE 4.4: List of works using self-determined state change strategies
to influence a system’s exploration and exploitation dynamics.
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Reference Strategy Task
[215] Dynamic sub-swarm membership Area Explo-
ration
[187, 188, 192] Stubborn agents that do not Best-of-n
change opinion of site Problem
[216, 217,218, 219] Dedicated environment explo- Environment
ration and long term monitoring Monitoring
(exploitation) agents
[220, 221, 157] Forced re-initialization of a subset Optimization
of candidate solutions
[222, 154, 223] Dedicated exploratory and ex- Optimization
ploitative particles
[224, 225] Ant Colony System paired with Optimization
agents with preset pheromone (Traveling
sensitivity Salesman
Problem)
[226, 227, 228, 229] Dynamic sub-swarm membership  Target
Search
[230] Search strategies assigned based Target
on agent’s distance to target and Search
target-to-searcher ratio
[231] Forced re-initialization of robots Target
Search
[232, 233] Predetermined static agents for Target
target search and mobile agents for Tracking
target tracking (CMOMMT)
[234, 235, 236, 237, 238, 239] Specified number of agents closest Target Track-
to target chosen to utilize a target ing

TABLE 4.5: List of works using assigned agent responses to influence a

system’s exploration and exploitation dynamics.
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Reference Strategy Task
[242] Exponential inter-agent repulsion Area Cover-
strength age
[243, 244] Exponential inter-agent repulsion & at- Area Cover-
traction gradient age
[245] Exponential inter-agent repulsion with Area Cover-
“selfishness" term to drive exploration age
[120] Varying agent environment sampling Area Char-
time acterization
[118] Varying time interval at which robots Area Explo-
regroup to trade map information ration
[246, 247, 248, 249] Adaptive step size Optimization
[222] Exponential inter-agent repulsion Optimization
strength
[171, 172, 250, 251, 252, Varying agent wait time based on local Optimal
253, 173] fitness value Area Aggre-
gation
[182,180] Variable Lévy parameter Resource
Foraging
[254] Variable Lévy parameter & interrup- Resource
tion of Lévy walks Foraging
[201] Random walk that gradually becomes Resource
more directed Foraging
[255] Exponential inter-agent repulsion Target
strength Search
[256] Using Lévy walks and Firefly opti- Target
mization algorithm to generate points Search
of attraction for each agent with differ-
ent attraction weights
[257] SRLA and SRLAMR agent interaction Target
schemes Search
[134, 170, 128, 194, 195, Exponential inter-agent repulsion and Target Track-
144] attraction strength ing
[258, 259, 205, 206] Linear inter-agent repulsion strength & Target
variable target attraction strength Tracking
(CMOMMT)

TABLE 4.6: List of works using small response changes to influence the
level of exploration and exploitation of an MAS.
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Reference Strategy Task

[264] Area partitioning Patrolling

[265] Agent deployment probability threshold Resource
Foraging

[266] Agent utility distribution to drive robot Task Alloca-

movement tion

[190, 191] Belief maps & task transition probability Task Alloca-

tion

TABLE 4.7: List of works using agent area and task assignments to influ-
ence the level of exploration and exploitation of an MAS.
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Reference Strategy Task
[269] Adjusting communications range Collective
Decision
Making
[148] Changing number of communication Distributed
neighbors Consensus
[270] Changing attention limit of agents Distributed
Consensus
[271] Changing interaction radius and field Distributed
of vision angle Consensus
[272] Changing interaction radius Distributed
Consensus
[1] Forced switching network model Distributed
Consensus
[273, 274, 275, 276] Changing number of communication Optimization
neighbors
[241] Dynamic sub-swarm membership Optimization
[277] Adjusting communications range Optimal Size
Aggregation
[278] Adjusting communications range Resource
Foraging
[279] Adjusting communications range Task Alloca-
based on internal workload state tion
[174] Changing an agent’s number of neigh- Target
bors in network based on fitness value  Search
[128, 194, 280, 195, 144] Changing number of communication Target Track-
neighbors ing
[161] Varying communication link strength Target
and number of communication neigh- Tracking
bors (CMOMMT)

TABLE 4.8: List of works using different information dissemination
strategies to influence the level of exploration and exploitation of an

MAS or MRS.
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Reference Strategy Task

[289, 290] Repulsive pheromones Area Exploration

[291] Ant Colony Optimization with Optimization
pheromone evaporation

[292, 293] Ant Colony Optimization with Optimization
pheromone diffusion

[224, 225] Ant Colony System with agents of Optimization
different pheromone sensitivities ~ (Traveling Sales-

man Problem)

[294] ACO with solution re- Path Finding
initialization

[295, 296, 297, 298, 299] Gradient decent with physical Target Search
data carriers

[300, 301] Gradient decent with vectorial Target Search

pheromones and physical data car-
riers

TABLE 4.9: List of works using stigmergy to influence the level of explo-
ration and exploitation carried out by an MAS.



72

Chapter 5

Towards a benchmark framework
that probes the flexibility of
swarming systems.

5.1 Introduction

Often the collective behaviors exhibited by natural swarms like the coherence of a flock
of birds changing direction as a whole during their flight, the army of ants traversing
the ground bringing food back to its nests, and the school of fishes evading the attacks
of predators are found to be intriguing. These captivating collective behaviors does
not derived from instructions of a central entity as the natural swarms are fully de-
centralized, instead the individual entities follows a set of predefined rules to guide
their actions. These rules are "written" in the insects and animals genetic code—e.g. a
worker ant have a different set of rules that they operate within as compared to a queen
ant.

On a system level, these collective behaviors are the effect of self-organization. This
self-organizing collective behaviors that we observe in nature, emerges from repeated
simple local interactions among the entities [3]. Often these collective behaviors sug-
gest the existence of a form of intelligence—i.e. swarm intelligence (SI). SI is appealing
in the physical world applications, especially when our world’s problems are becoming
complex.

The idea of "automation" has been around to provide solutions to past generations of
problems where it aims to automate existing processes that are already performed by
humans, so that the operations can scale up. However, as the operations increased in
complexity, the solutions (or systems) applied will be required to perform information
collection, computation, communication, decision making, and acting on these infor-
mation and results. In order to foster system independence—i.e. not micro-managing
the systems, SI is a promising avenue to offer self-organization to the systems. It of-
fers "an alternative way of autonomy, emergence, and distributed functioning replace
control, pre-programming, and centralization" [38].

SI algorithms are often metahuristic, being able to effectively find sub-optimal solu-
tions, especially with incomplete information or limited computation capacity [312].



Chapter 5. Towards a benchmark framework that probes the flexibility of swarming73
systems.

This characteristic of SI is applicable to an increasing prominence of NP-hard prob-
lems where real-time locating of global optima is almost impossible. In such problems,
the number of potential solutions that exists tends to be infinite. Therefore, finding a
workable or sub-optimal solution within time limitations becomes important.

The use of SI spans across a vast range of problems, in almost all area of sciences,
engineering and industries, from data mining to optimization, artificial intelligence,
business planning, robotics, and in industrial applications. Some other areas include,
internet of things [313], disease diagnosis and detection [314], optimization for engi-
neering modelling [315], navigation control, multi-robot system control, malignant tu-
mour detection and control and image processing technologies [40].

Although SI solutions have found their way into the physical world, and some have al-
ready been implemented, Dorigo et. al. [36, 129] stated that the lack of a standardized
design methodology for swarming systems persists. One of the contributing factors
that we reckon is the lack of a quantification and comparison of SI. As the use cases for
Sl increases, the development of SI will ramp up. In Dorigo et. al. [36, 129] own words,
in order “to concretely support the research community, benchmarks are invaluable
tools to measure the progress in a quantitative way and can be used to challenge the
researchers on tasks that grow in complexity.” Therefore, in this work, we proposed a
benchmark framework that can allow for SI systems or algorithms to be evaluated for
its SI. This benchmark framework can be use in future SI development work as a form
of standardization when quantifying and evaluating SI. Similar to the field of reinforce-
ment learning where there are standardize "toy" problems—e.g. cart-pole problem—for
developers to evaluate their reward functions for effective learning. However, to the
best of our knowledge, this form of comparison has not yet exist within the SI research
community.

Even during the design process of a MRS or a robot swarm, there is a fundamental
question of whether or not is SI even beneficial or required in solving current prob-
lems [37]. It is not a trivial to answer the latter question. In [37], Dorigo et. al. proposed
a guideline to evaluate if there is a need for the application of swarm. First question:
Is there a need to use of multi-robot system to (efficiently) solve the problem? In cases
where the task is too complex or demanding, multi-robot system can be used, for ex-
ample the use of multi-robot systems in mapping larger areas. Second question: What
type of control approach would be most appropriate for the considered problem? For
example, if the solution requires decentralization, robustness, and/or flexibility then
swarming approach can be considered. This provided a systematic thinking process to
evaluate the need for applying SI—i.e. the question of effectiveness of SI application.
The proposed benchmark framework with the possibility of SI quantification and com-
parison, will be able to assist in evaluating the effectiveness of the applied SI solution.
In [316], it is acknowledged that the design and implementation of an effective robotic
swarm is among the greatest challenges in the area of robotics.

Before we discuss on the design of the proposed benchmark framework and the results
obtained, there is a need to understand the definition of SI and why flexibility can be
a measure of SI. In the following sections, we will explore i) the various ideas of mea-
suring SI, ii) explore the current benchmark problems, iii) SI benchmark framework,
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finally iv) results and discussions.

5.1.1 What is swarm intelligence?

The concept of swarm intelligence was first being introduced, in the 1990s, by Beni G.
et. al. [13]. Surprisingly, it is not a work specifically on swarming system or swarm
intelligence, but a work on cellular robotics. Beni G. attempts to define cellular robots’
intelligence (which was identified as Swarm Intelligence) as follows.

In [13], Definition 2.2.1 ("Swarm Intelligence"):

"Systems of non-intelligent robots exhibiting collectively intelligent behavior evident in the abil-
ity to unpredictably (#) produce specific (=not in a statistical sense) ordered patterns of matter
in the external environment.

/Al

# Unpredictable is meant as globally "intractable’ or “externally not-representable’.

Over the years, swarm intelligence has gained popularity and many researchers, from
various field of studies, followed Beni et. al. in attempt to provide a definition from
their perspectives. Largely, there are two broad perspectives of SI definition. It is em-
inent that these definitions were inspired by the early research works of biologist who
observe and study natural swarming systems, and computer scientists who studied
artificial intelligence, adopted biomimicry approach to gain inspiration to develop op-
timization algorithms. From the biologist-inspired definitions [38, 39, 34, 40, 41, 42],
although there are some variations, the common features of these SI definitions seem
to involve i) groups of simple agents, and ii) global emergent or self-organization, and
three of these definitions included iii) inter-agents local interactions. These features
mentioned made up the main features of SI [43]. Beni et al. definition did capture a few
important essence of self-organization. Firstly, it mentioned "systems of non-intelligent
robots". This reflects the often simple units we find in nature—e.g. an ant, fish, bird,
bee, etc.—existing in a colony or a group which display an intelligence for beyond the
individual’s. Secondly, it mentioned "the ability to unpredictably produce specific or-
dered patterns of matter in the external environment.". This is in fact the emergence of
the collective behavior which can be observed as "ordered patterns". However, it lacks
in capturing the interactions of the units which is crucial in a system of social insects or
social animals.

The algorithm-inspired definitions [44, 45, 46, 47] mainly describe SI as a bio-inspired
computational methods(or algorithms) to solve optimization problems. Swarming sys-
tems have often been described as a collective information processing unit. In this case,
SI governs the process at which information is acquired, processed, making collective
decision, and acting on it. In [48], a collective operation and computation framework is
proposed, in which a part is "local computation" that each agent performs using only
information from a certain local neighborhood. This emphasize the importance of lo-
cal communication and computation—i.e. local information processing and decision
making via information from local neighborhood.

Although there are similarities in the definitions, the perspectives are still vastly dif-
ferent, and within each perspective, the definitions also hold differences. This presents
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a long-standing challenge in SI study, that is the issue of non-unifying SI definition
[43], which can also be inferred from earlier work that calls for quantification of SI [38].
The lack of a unifying definition, hence theoretical foundations, would pose signifi-
cant problems in quantifying SI and the future development of SI systems. We could
not make statements like "SS A is more (swarm) intelligent than SS B". The lack of
quantification of SI will not allow SI comparison among system, noting that there is a
difference between system’s performance and system’s SI. In many of the works, oper-
ational performance of the systems are often measured for comparison—e.g. machine
learning, optimization research, etc. This provided a way for the improvement and
further development of the technology. For example, in one of the most use case of
SI, optimization, in a particular task like foraging, we can compare the performance of
the use of Artificial Bee Colony(ABC) and Ant Colony Optimization (ACO) algorithm.
If we use a general metric of "total amount of food gathered at the end of the sim-
ulation", most likely one algorithm will outperform the other. However, operational
performance does not necessarily correlate with SI—i.e. the system can perform well
and still not displaying SI.

The confusion that stems from the non-unified definitions of SI also entails missed op-
portunities as well. Now, it is not easy to identify the "right" conditions such that SI
can be the most effective. Without a clear understanding of what SI is and how and
why it arises, it is very difficult to envision how to take advantage of its true potential.
Not having the method to compare SI will cause an eminent effect of artificial swarm-
ing systems not being able to improve and be more intelligent, which will cause the
slow-down of real life applications and commercialization of this technology.

5.1.2 Quantifying swarm intelligence

After studying the various SI d sefinitions, it is evident that self-organization (SO)
or emergent behavior is a central and important feature that describes SI, also men-
tioned in [43]. SO, being the central feature of SI, that causes the display of collective
behaviors, arises from the interplay of four lower-level components: 1) positive feed-
back, 2) negative feedback, 3) amplification of fluctuations, and 4) multiple interactions
[38].

This brings us to another question, "What is self-organization or emergent behavior?".
Still these terms are ambiguous as there are many interpretations. Serra et al. [50] de-
scribes the concept of self-organization generally as “highly organized behaviour even
in the absence of a pre-ordained design.” They go on to further describe examples such
as the resonance phenomenon in lasers, and in cellular automata where “unexpected
and complex behaviours can be considered as self-organized.” Bonabeau et al. [38] de-
scribed SO as a "key feature of a swarm system which results global level (macroscopic
level) response by means of low- level interactions (microscopic level)."

Often, the noticeable effect of self-organization we observed in nature is the order, even
in nature’s migration of birds and schooling of fishes, etc. One method of quantifying
order is by global consensus. For example the measurement of the direction of travel
of the birds compared to the global direction of travel to find the order of the system
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[51]. If the system is in order or coherent—i.e. the difference between all the agents’
direction and the global system’s direction is low—then it suggests a high level of order.
On the other hand, a high difference would suggests a low level of order. However,
the challenge in using order as a measure is that order can be derived from either a
centralized or decentralized paradigms.

This is important as distinguishing between a centralized order and a self-organized
order is not trivial. As pointed out by Cavagna in [52], systems’ hierarchical and
distributed control are often a combination of centralized and self-organizing (decen-
tralized) control mechanism. Even distinguishing the difference between the two ex-
treme cases of order from a top-down centralized control mechanism and a bottom-
up self-organized feature emerging from local behavioral rules is not trivial. Further-
more, there is an interesting work by Alessandro A. et. al. [53] that documented the
discovery of a display of collective behavior—i.e. the emergence of global order or
pattern—without collective order in wild swarms of midges. Despite the lack of or-
der, the swarms display high level of correlations, totally incompatible with models
of non-interacting particles. This work challenges the long-standing self-organization
definition or perspective of order or pattern.

There is another self-organization perspective by Prigogine et al. [54] that described
self-organization in chemical reactions and thermodynamic contexts. His notion is
quite enlightening and emphasizes the element of fluctuations in far-from-equilibrium
system states. Non-linear system changes, fluctuations as he refers to them, due to
either random events or chaotic dynamics, are then amplified by positive feedback
mechanisms. This results in structures that emerge spontaneously which often are
presented as examples of self-organization. In a similar perspective, Cavagna et al.
proposed a method on distinguishing and evaluating self-organization paradigm from
centralized paradigm—i.e. the display of collective behaviors (which emerges due to
self-organization)— is not the collective behavior of order that we observed of swarm-
ing system, instead it is the collective response of the system. It is a measure of how
well a system reacts to its environment—i.e. the system’s response to perturbations. If
the system reacts and adapt to the environment changes, that would provide a mean to
suggests the existence of a self-organizing feature of the system. Both Prigogine et al.
and Cavagna et al. think about self-organization as the ability to adapt (structures that
emerge spontaneously) to a changing environment (external perturbations).

This collective response that Cavagna et. al. mentioned is the flexibility of the system,
which is an important feature of social insects [38]. From the literature, flexibility also
have various meaning. Firstly, some define flexibility as the ability for the system to
perform as well in different environment or scenario by maintaining the behaviors of
the individuals of the system [55]. It is true that flexibility is the system’s performance
in various environment by maintaining the behaviors of the individuals of the system,
but we disagree with the view that the system should perform "equally well" in all en-
vironments. It is debatable as swarming systems are highly sensitive, some described
it to be on the edge of chaos, they will perform differently when exposed to different
environment. Given a different environment, they may be able to perform relatively as
well as compared to other solutions, but will not be able to perform as well in an ab-
solute sense. In order to perform “equally well” in different environments, the system
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needs to be tuned—i.e. it possesses adaptability.

Secondly, the flexibility definition that we use in our work, is the ability of a system to
adapt to a changing environment—i.e. how the system collectively respond to external
perturbations [56, 52, 41, 38, 57, 27]. Fukada et al. [56] had a similar idea of flexibility
definition however he evaluated it from the perspective of flexibility being a trait of
robustness. General studies in swarming systems have paid lots of attention to features
like scalability and robustness. However the key feature of flexibility has not gain as
much attention. Reason being;, it is not an easy feature to probe and measure.

The system’s ability to be flexible or collectively respond to a changing environment
requires effective information processes. How well the system adapt will depends on
how well the system process these information. Some would describe a swarming
system simply as an information processing unit—i.e. acquiring information to pro-
cessing information to collective decision making and finally to acting on it. We can
draw an analogy to a robot that acquires information through its sensors, process or
compute these information and finally acting on it. This information process could
be link to the idea of Exploration-Exploitation. In such a system, acquiring informa-
tion can be seen as exploration which processing and acting on these information can
be seen as exploitation. When the environment is static, the system can settle in an
ideal exploration-exploitation balance that acquires enough new information and act-
ing them such that they are efficient. It becomes interesting when the environment
changes, similar to kicking the rope when an acrobat is on it. We can then observe how
the system (the acrobat) regain its stability, a new exploration-exploitation balance since
the environment changed. The system’s flexibility—i.e. self-organization that gave rise
to swarm intelligence—can be said as the ability to restore an exploration-exploitation
balance suited to the current environmental conditions.

5.1.3 Our research question

Now that we understand the relationship between SI and flexibility, it is possible to ac-
cess Sl of a system via flexibility. In order for such an assessment, a benchmark frame-
work will be required. This allows for various algorithms—e.g. swarm-inspired algo-
rithms, centralized algorithm, etc.—to be assessed and compared among each other in
various environments, via a set of metrics. In order to do this, the following research
questions need to be answered.

1. What is a benchmark framework that can probe and evaluate the flexibility of the
system?

2. In the context of the chosen benchmark problem, what is a set of metrics that we
can use for assessment and comparison?

5.1.4 Our contributions

In this work, with the understanding that flexibility is an outcome of collective behav-
ior that can be an avenue to evaluate SI, we aim to provide a benchmark framework
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that specifically probe and measure the flexibility of the systems such that it will be
possible for SI quantification and comparison among systems with a set of metrics.
The proposed benchmark framework will allow users to further understand the effec-
tiveness of the various strategies (SI or not) in the various environments, even reveal
the need for SI or a centralized strategy can suffice.

Through our simulations, we have learn about the varying environmental difficulty
levels, the effect of workload distribution and the effect of dynamic environment have
on the system’s performance. We have also evaluated the systems when it is subjected
to the environmental change at different times. The early dynamics of the systems are
compared to further explain some of the trends that we have observed. These results
will be further explained in section 5.6.1.

5.2 Existing Benchmark Problems

The idea of benchmark problem has been around in many area of studies. It brings
about a form of standadization of performance assessment which is often useful for a
deeper understanding of the study and as a reference for future development. One
such area of study is in optimization. In [317], Yao X. and Liu Y. consolidated 23
functions, claiming to have the largest amount at that time, as benchmark functions
to evaluate the performance of fast evolutionary programming and classical evolution-
ary programming. After which, work like [318, 319] continued to expand the list of
benchmark functions to evaluate differential evolution, particle swarm optimization
and other evolutionary algorithms. In the area of global optimization, [320] also con-
solidated an extensive list of 73 benchmark functions.

In Artificial Intelligence study, specifically in reinforcement learning (RL), toy problems—
i.e. benchmark problems—are being used extensively. Similar to the latter example,
there are numerous benchmark problems—i.e. environments. The reason for such a
long list of problemes, is that there will not be one problem that can test "everything"—
i.e. each benchmark problem is designed specifically for testing a specific part of the
algorithm or system. In the case of RL, these problems exist in the form of environ-
ments. Gym by OpenAl [321] is one such toolkit for developing and comparing RL
algorithms. It is a collection of test problems that users can use to work out their RL
algorithms. In Gym, it attempts to solve two problems that is said to slow down RL
research. Firstly, the existing open-source collections of RL environments do not have
enough variety. Secondly, the lack of standardization of environments used in pub-
lications leads to difficult reproduction of RL results—i.e. a subtle difference in the
problem definition, such as reward function or the set of actions will drastically alter
the task’s difficulty.

Unfortunately in SI there exist no such tools or platform for the development of SI. We
recognize the importance of such benchmark problems and aspire to bring such use-
ful tools into SI study. Since it is difficult to design artificial swarming system due to
the fact that the collective behaviors [38] are not entirely predictable as these are the
emergence of frequent interactions among the agents, a benchmark framework with
a deeper understanding of SI can give artificial swarming system a head-start in the
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design process. With our proposed benchmark framework, it is possible to understand
the environmental parameters that can affect the performance of SI algorithms. This
will allow users to better tune the system to operate effectively for an intended envi-
ronment. The following section 5.3 will dwell in-depth into the design of our proposed
benchmark problem that can probe the SI of a system.

5.3 Design Methodology of SI Benchmark Framework

The instances when natural swarming systems solve dynamic problems—e.g. fish and
birds evading predators, ants and bees foraging (with changes in the environment)—SI
can be observed. When the environment becomes static like when ants and bees found
their food (that last for a long time), the system reaches some sort of stable state, and
their collective actions experience little evolution. These are the times when we have
realized that the swarming capabilities and its intelligence are not necessary—i.e. not
being utilized to their fullest potential. To some extent, most (static) problems could
not probe the actual flexibility of the swarming system.

This suggests that the level of challenge—e.g. static vs. dynamic—of a given problem
can help probe different levels of SI. If a problem is deemed not challenging “enough”,
the system would not exhibit swarming behaviors (intelligence), if any. Therefore, these
problems could potentially be solved with non-SI strategies. However, more work is
needed to understand the effectiveness of deploying SI to solve different problems, as
exposing the system to the most challenging environments does not guarantee a max-
imum display of SI. In this work, we attempt to bridge this knowledge gap, to under-
stand the effectiveness of the application of SI in various environments with varying
difficulty levels.

Our aim for this SI benchmark framework is to support the SI research community,
in terms of allowing for SI of a system to be observed and measured, and be com-
pared to other systems’ SI. The proposed benchmark framework will be a "invaluable
tool(s) to measure the progress in a quantitative way and can be used to challenge the
researchers on tasks that grow in complexity" [37]. Since the SI level is intrinsically
dependent on its environment, different environments can yield different levels of SIL
The benchmark framework should have different environments challenging “enough”
to facilitate probing a vast range of strategies.

In this benchmark framework, we have chosen a problem of collective mapping. The
objective, for the system, is to search and detect obstacles in the domain. This problem
is analogous to ants foraging for food, however with a few modifications. In this prob-
lem, the food source(s) can be static or dynamic. When the food source(s) is dynamic,
it will disappear and re-appear instantaneously at another location without any over-
lap. This is similar to food source(s) washed away by rain or carried away by other
insects or animals. In our proposed problem, the agents discover and collect the food,
but are not required to return to a nest—i.e. the agents have an unlimited carrying
capacity.



Chapter 5. Towards a benchmark framework that probes the flexibility of swarming8 0
systems.

Considering the varying property of SI with its environment, the benchmark frame-
work will be limited if the candidate system can only be subjected to one environment.
Therefore, we have proposed to design an environment that allows for an adjustable
"difficulty” level to cater for a fair assessment of SI. In this design we have considered
the tuning of the "difficulty" level via the dynamic of change and the workload distri-
bution. Even in the same environment (problem), the dynamic of change can be very
different—i.e. the changes can occur earlier in the beginning or later towards the end
of the operation. Will the system still be as intelligent (swarm) if the dynamic of the
change differs? In the same way, the distribution of workload can be very different,
from concentrated workload to dispersed workload. In these different settings, it is
not necessary for the same algorithm to perform well in all of them. Given that both
algorithm A and B exude SI through a problem, in a different setting of the problem, al-
gorithm A may perform better than algorithm B in one setting, while in another setting
algorithm B may perform better.

Therefore in our proposed SI benchmark framework, it consists of one problem (envi-
ronment) and various tasks (different settings of the environment) for the system SI to
be exposed and evaluated in these different settings. As discussed in Section 5.1.2, flex-
ibility (or collective response) will indicate the measure of SI that our work will focus
on. Flexibility of a system—i.e. part of adaptivity—can be observed by its exploration
and exploitation actions. This important concept of exploration-exploitation balance of
the system is important when observing an adaptive process, and it will aid as a sup-
plement to the evaluation of the benchmark results—i.e. performance and flexibility
of the system. As the systems operates in a changing environment (and distribution of
workload)—i.e. an unknown environment, it readjust its exploratory and exploitative
actions to adapt to the unknown.

This proposed SI benchmark problem, in the form of a simulation, is designed for
Multi-agent system (MAS), Multi-robot system (MRS), non-cooperative and central-
ized system algorithms to be evaluated and thus the possibility of comparison. The
benchmark problem will be designed to be modular with 1) environment, 2) agent, 3)
strategy (algorithm), and 4) communication network modules that can be easily mod-
ified. The modular design provides users the flexibility to simulate different types of
agents in different environments using various strategies, even non-SI algorithms. In
the following subsections, we will discuss each module of our SI benchmark frame-
work..

5.3.1 Environment

In order to design an effective benchmark problem to probe the flexibility of the sys-
tems, we need an answer to the question of "What is a difficult enough problem?" or
"What is a range of difficulty of the problem?". As such, we have considered the de-
sign of an environment with various levels of temporal and spatial severity which will
attribute to the difficulty of the problem. Temporal severity described in [322] as Type
L 1I, III is a method of classifying the difficulty of an optimization problem. In gen-
eral severity increases from static to slow changing to fast changing, and finally in-
stantaneous changing environment being the most difficult problem. If the changes
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are drastic—i.e. instantaneous—in a dynamic environment, then any prior knowledge
will not be beneficial to the future operation as the new objectives do not depend on the
previous ones. This will make the problem extremely challenging to show the benefit
of swarm cooperation and the flexibility (or adaptability) to a drastic problem.

There is another perspective about the temporal severity, that we have proposed, that is
the “time” at which the change (instantaneous) is introduced. A flexible (or adaptable)
system that explores and exploits will be affected by how the changes are implemented—
i.e. slow changes to instantaneous changes—and when the changes are introduced—
i.e. towards the beginning, middle or end of the simulation. When the changes are
introduced at the beginning of the operation, the system is largely in its exploration
phase which means it is more ready to react to a change. However, if the changes are
introduced later in the operation, it will require more time for the system to exit its
current exploitative state to return to a more exploratory state in order to search for the
changes.

Spatial consideration of the workload within the environment is also important. As
compared to the environment, the workload should be substantial and distributed, to
increase the difficulty of the problem. When the workload is distributed, it requires the
system to distribute itself to find and handle the workloads such that it can be efficient.
However, if the workload is distributed too much—i.e. the individual workload pieces
are too small, an approach like random walk could outperform a swarm algorithm. As
a pure exploration approach could find the small workload pieces randomly and since
the workload pieces are small, exploitation is not necessary. On the other hand, when
the workload is large, less exploration is needed since the system can quickly identify
the workload, while exploitation is more important to handle the workload. Therefore,
it is important to find a balance of the workload’s amount and distribution such that
the system has to balance their exploration and exploitation strategy to exude SI.

With the temporal and spatial environmental considerations, we choose to create a
benchmark problem environment with variable i) distribution of workload and ii) time
of instantaneous change of workload. We have also chosen to use occupancy grid map
(OGM) as the representation of our environment. Each cell in the OGM holds the belief
of the agent(s) whether it is a clear, occupied or unknown cell. The stochastic belief
system allows for more accurate and reinforced truth of the environment. This can also
account and reduce the effect of noise in the environment, the robot sensors, odemetry
etc.

OGM is widely used especially in the robotic systems where they perform mapping op-
erations [48, 27]. Many algorithms and strategies have been based on operating using
OGM, for example obstacle avoidance and shortest path (i.e. A-star search) algorithms.
This allows for a future wide adaptation of the applied algorithms to physical platforms
if they are found to be suitable for particular environment (or problem). Existing algo-
rithms that are operating in problems that are represented in OGM can also be tested
on our benchmark problem simulation. In our benchmark problem environment, there
exists pillars of occupied cells that are the "workload" for the system to discover during
the collective mapping operation, as seen in fig. 5.1. At a given iteration, a change will
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be injected, and the pillars will change to their new locations. The system will then
attempt to discover the new pillars.

Another benefit of using OGM is that the maps are represented in pixels, commonly
represented by value [0-1] which corresponds to various shades of grey from white
(clear cells) to black (occupied cells). These grey scale maps are images that are read-
ily suited for image processing and machine learning to improve system’s capabil-

ity.
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FIGURE 5.1: Simulation environment true maps: 1, 2, 3 pillars and scat-
tered workload distribution

In order to focus on the evaluation of the flexibility of the system, we have made the
following assumptions and simplifications to the problem. In this benchmark problem
simulation, we have assumed that there are no noises from the system’s perception
of the environment, and its perception of itself within the environment (odemetry).
This will allow for a perfect mapping of the environment, eliminating the probabilistic
nature (belief) of OGM. In this case, the OGM cells will only hold the value of 0, 0.5 or
1.0 which represents a cleared cell, an unknown cell, and an occupied cell respectively.
In order to allow the system to focus on finding the occupied cells, not affected by an
initial unknown environment, the agents will start off with a "cleared" environment
instead of an "unknown" environment. This is to simulate that the system has already
existed in this location for a while and have known this environment (as "cleared" prior
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to this. This is to simulate an on-going process of monitoring of an environment, in
attempt to detect the dynamic changes occuring in the environment. Therefore the
OGM cells will only hold a value of 0 or 1.0.

We further simplify the environment to contain no obstacles, removing a layer of nav-
igation algorithm that can create a sense of pseudo-exploration. As we study the flexi-
bility of the system, we want to keep the agents” motion as close to its intention (way-
point generated by SI algorithms) as possible to reduce any complications. Therefore
in our problem, the OGM cells with value 1.0 means the existence of "food" instead
of "obstacles". We assume that the agents can traverse through the occupied cells and
pick up the "food". Although our problem draws similarity to dynamic food sources
of ants, the agents do not have a nest and will not be required to deposit the "food" at
their nest—i.e. the agents can carry an unlimited amount of "food". This allows for the
agents to focus on discovering new dynamic cells.

TABLE 5.1: Benchmark Simulation Parameters

Environmental parameters

Parameter Quantity(units)
1. Domain x 48m
2. Domain y 48m
3. Resolution 0.1
4. Total # of occupied cells 27648 (12% of total cells)
5. # of occupied pillars 1,2, 3, scattered
6. Pillars location random but do not overlap
7. Change occurs at iteration || static, 100(early), 600(mid), 1000(late)
Agent parameters
1. Field of view 360°
2. Speed 0.1m/s
3. Sensor range 0.5m
Strategy parameters
1. # of agents 16
2.  Repulsion (agent-agent) || 8m
range
3. Repulsion ratio T€Pexplore/T€Pexploit = 2.4
4. Strategy KNN-R, ABC, PSO, PSO adaptive repul-
sion
5. Communication network e.g. k-nearest neighbour

In Table 5.1, the environmental parameters of the benchmark problem are listed. The
domain size and resolution are often chosen with a trade-off between desired quality—
i.e. granularity—of the results and the simulation run-time. The domain size can limit
the number of agents deployed, and many would proposed that only with a high num-
ber of agents that the system can be considered as scalable and as a swarm. However,
the scalability of the swarm should not be determine by the mere number of agents, in-
stead the density of the agents within an environment should be considered. For exam-
ple, a system of 10 agents will not be able to scale as much in a smaller environment as
in a larger environment. Without mentioning the size of the environment, it will not be
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conclusive if the system of 10 agents can scale further or not. It is important to also note
that choosing the resolution or granularity of the environment is crucial. This affects
the balance between the realism of the simulation in terms of agents movement—e.g.
speed and direction (limited to the granularity of the environment)—and the simula-
tion run-time.

In the design of the "food source(s)"—i.e. occupied cells, we have also attempted vari-
ous formations of the occupied cells in the form of vertical gates, horizontal gates, and
finally square pillars. After investigation, we have settled with x = y pillars as it pro-
vide the fairest evaluation of the strategies, not allowing any z-bias or y-bias strategy to
gain an advantage during exploration and exploitation. In order for a system to meet
the objective of our benchmark problem, there is a need for the system to perform both
exploration and exploitation. The balance of this collective (or not) exploration and
exploitation will determine the performance of the system. The temporal character-
istic of the dynamic features will encourage the need for "better” exploration strategy
to rapidly detect new changes in the environment. While the spatial characteristic of
the dynamic features will encourage the need for both exploration and exploitation to
rapidly detect as much of these features. In Dorigo et. al. work [36], it is mentioned
that future swarms(robotic) will exist and operate at many different scales, of which
includes both temporal scale—i.e. from swarms that display quick adaptation in a
rapidly evolving environment to robots that operate on months-long missions(quasi-
static)—and spatial scale of operation domain size.

5.3.2 Agents

There are two perspective that we can take on the design of the agents, either a mi-
cro or a macro perspective. The difference lies in the perspective of agents as multiple
individual agent or a system of agents. However, when we study swarming systems,
we need to take a macro view. In an example of a bee’s manoeuvre (flight) back to its
hive, the micro perspective will suggest that the flight is complex, while the macro per-
spective suggests the flight as a simple agent movement [323]. Therefore in our agent
design, there are only three parameters considered as shown in Table 5.1. However, we
still aim for an agent design that is versatile for both MAS and MRS algorithm and also
suitable for possible physical applications beyond simulation.

In order to design versatile agents, we have considered three tunable parameters like
speed, peripheral angle (field of vision) and perception range. This can facilitate tran-
sition of algorithm from a simulation to a MRS in future development. Specific to
our benchmark problem, we have set the agents to move 0.1m or 1 cell per iteration,
and each agent possess an omni-directional peripheral of 0.5m range. A short percep-
tion range is chosen to mimic swarming in nature where each agent has limited field
of vision—e.g birds and fishes, where collectively they can see "more". This can also
translate to cheaper sensors for MRS and making use of SI to improve its performance.
It is important to note that the speed and the accuracy of the direction of travel of the
agents are limited to the resolution or granularity of the environment.
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5.3.3 Communication network

The communication network is established to facilitate possible information propa-
gation, if any, in a centralized or decentralized manner. In our implementation, the
communication network will receive all the relevant information at every iteration, by
default all the agents can get access to these information. In a centralized approach, the
"central control station"—i.e. the computer running the simulation script—will com-
municate with all the agents throughout the main simulation script. However in a
decentralized approach, there is no "central control station", instead the agents are sup-
posed to communicate directly among each other. In order to create a pseudo limited
network, all the agents can get an access to the information of their neighborhood via
the communication network—e.g. an agent A will decide which other agents(B and C)
get access to its information, agent B and C' will tap into the communication network
and only access information from agent A. This implementation limits the communi-
cation to simulate decentralized communication. When the agents are communicating
in an all-to-all manner (decentralized), this can have the same effect as a centralized
communication approach whereby all agents have access to all the information via the
communication network.

5.4 Strategies-Swarming Algorithms

5.4.1 Artificial Bee Colony

Artificial Bee Colony algorithm was first proposed by Karaboga D. in 2005 [324], de-
scribing a minimal model of bee forage selection that consists of three essential compo-
nents: 1) food sources, 2) employed foragers, and 3) umemployed foragers. The food
sources are distinguished by various factors such as distance to the nest, concentration
of food and ease of extraction—e.g. presence of predators. However in the model,
instead of capturing these factors with various variables, a single variable of "prof-
itability" of food sources can be used as a representation. Associated with these food
sources are the employed foragers, where they are exploiting or described as being em-
ployed at. These employed foragers will share information about the food sources to
the unemployed bees. As the employed foragers deem their associated food sources as
depleted, they will become unemployed as scouts, exploring the domain in search for
new food sources so as to be employed again. While employed foragers share informa-
tion about the food sources, a group of unemployed onlookers are waiting to compare
and choose the most profitable food source. This exchange of information, in the case
of bees are in the form of dance, brings about the collective knowledge and the emer-
gence of collective foraging behavior. The general algorithm is as follows in Algorithm
2.

In Karaboga D. approach, the first half of the colony consists of employed artificial bees
and the second half of the colony consists of unemployed onlooker artificial bees. For
every food sources, there is only one employed bee. When the food source is exhausted,
the employed bees will become unemployed scout. Using [325] allow us to further dive
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Algorithm 2: Karaboga D. ABC algorithm

Send the scouts onto the initial food sources

while requirements are met do
Send the employed bees onto the food sources and determine their nectar
amounts
Calculate the probability value of the sources with which they are preferred by
the onlooker bees
Send the onlooker bees onto the food sources and determine their nectar amounts
Stop the exploitation process of the sources exhausted by the bees
Send the scouts into the search area for discovering new food sources, randomly
Memorize the best food source found so far

end while

into the details of the deployment of this strategy. In each cycle, the employed bees will
continue to exploit their food sources as follows:

Vijj = Tij + Gij  (Tij — T j), (5.1)

where X}, is a randomly selected candidate solution (i # k), j is a random dimension
index, and ¢; ; is a random number within [—1, 1]. After computing v; ;, a greedy selec-
tion is used to reject or accept the new solution. If the fitness value of v; ; is better than
the previous solution z; j, then update x; ; with v; ;; otherwise reject new solution v; ;.
After the search process, the employed bees share information of their food sources
with the onlooker bees through the wiggle dance. Based on these information, the on-
looker bees will be placed on the food sources based on a probability based selection
process described as follows:

fit;

) 5.2
Z;’Vzl fit; 62

pi =

where fit; is the fitness value of the ith solution in the swarm. The higher fitness value
represents a high quality food source which will have a higher probability of being
selected. If a solution cannot be improved over a predefined time, then the food source
will be abandoned and the employed bee associated will become an unemployed scout
bee. The scout bee will attempt to find a new food source to replace the abandoned as
follows:

x;; = lbj +rand(0,1) - (ub; — Ib;), (5.3)
where rand(0, 1) is a random number between [0, 1] and b and ub are lower and upper
bound of the jth dimension.

In our application of ABC, we have made the following adjustments to the ABC al-
gorithm to accommodate the limitations of our benchmark environment. The initial
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state of the bee agents are split half employed and half unemployed (onlookers), this
is due to the unknown environment, and we do not assign one employed to one food
source. Since the total amount of food take up 12% of the environment, each agent
sensor area is only 0.035%, with a total simulation run-time of 1200 iterations, it will
not be sufficient and effective for one employed bee to tend to one food source 342.857
times its sensing area. Therefore in our simulation, we did not limit the number of
employed bees to one food source to encourage an increase in the number of onlookers
drawn to the area of interest, assisting exploitation work. In order to further increase
the chance of onlookers being selected to assist the employed bees, we have kept the
probability p;, from eq. 5.2, to 0.5. In our environment, due to the simulation limita-
tion, the cells only take value 0 (clear) or 1 (occupied), their fitness value can only be 0
or 0.5. During the probability based selection process, the employed bees with fitness
value of 0 will have a close to 0 chance of having an onlooker assistance. While the
employed bees with fitness value of 0.5 have an equal chance of having an onlooker
assistance, the more employed bees with 0.5 fitness value—ie. the same food quality—
, the lesser chance that the onlookers will assist, eventually each employed bees will
have a 1/employed_bees probability of being pick by the onlookers. Therefore, to in-
crease the probability of exploitation, we assign p; to be 0.5.

In ABC algorithm, the employed bees will abandon their role when the food source
is depleted, changing to a scout role. In our case, when the food source(s) changes or
when employed bees wondered off the food source—i.e. agents not detecting dynamic
features, then these employed bees will be unemployed to become scout bees after a
certain number of iteration instead. This helps to reset the system and allowing it to
gain exploration. The scout bees will perform a random walk instead of the method
stated in eq. 5.3. Although both resort to exploring the environment randomly, ran-
dom walk focuses on short range exploration while eq. 5.3 could encourage both short
and long range exploration. Since half of our agent population have the chance to be-
come scout bees, a short range exploration may be sufficient for discovering new food
sources. In addition, there are cases where employed bees wandered off from the food
source and becomes unemployed scout bees, the short range exploration can help these
scout bees to recover and re-engaged the food source quickly.

5.4.2 Particle Swarm Optimization

In 1995, Kennedy et. al. intended to use Particle Swarm Optimization (PSO) as an
algorithm to simulate social behaviors [326]—i.e. movement—of agents in a flock of
birds or a school of fish. It was observed that this algorithm to be performing opti-
mization, searching for global optimal solutions. PSO is a metaheuristic that makes
less or few assumptions about the optimization problem which allows it to be applied
to wide range of optimization problem. However, PSO does not guarantee that an opti-
mal solution can be ever found. In general, PSO agents make use of its current velocity
vector, personal best (in terms of fitness value) location and global best location to com-
pute its next velocity vector that guide its waypoint . It is described in eq.[4, 5] of [42]
by [326, 327]. As PSO evolves to become commonly applied in the field of optimiza-
tion, the expression of the agents’ velocity vector equation does have slight differences.
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In which, the following expression gave users or operators the ability to fine tune the
weight of every term in v/ ™

i .

ot = wvf 4 gy rand(0,1) - (pf — ) + dgy - rand(0,1) - (0 — xf)  (5.4)

:UEH =2l + vf“ (5.5)
Each agent will have a x; that is a position in the domain while the velocity v; vector.
pi being the current best personal solution and p, being the best global solution of the
swarm. The various terms in eq. 5.4 describe the current velocity vector, the vector
towards the personal best and the vector towards the global best, with w, ¢, ¢45 as the
weights to tune the system. w describes the inertia of the agent in its current direction of
travel, the higher the value of w, the more inertia the agent possessed to be steered away
with the other two terms. ¢,;, and ¢4, would determine the influence of personal best
and global best on the agent’s new velocity vector. Notice that randomness rand(0, 1)
is also applied to these two terms which is important, as mentioned in [38], that "SO
relies on the amplification of fluctuations" as randomness enables the discovery of new
solutions. Finally, the agents will compute its next location as in eq. 5.5.

5.4.3 K-Nearest Neighbor with repulsion (KNN-R)

As the name suggest, this strategy primarily works with local neighborhoods of agents
to gather, share and act upon the environmental information. The local neighborhoods
of agents are determined by the use of metric distance to include or exclude agents
from the neighborhoods. Within the local neighborhoods, information is shared via the
k-nearest neighbor directed network, where agent A can be a neighbor of agent B but
vice versa is not true. During each iteration, the neighborhoods can alter depending on
the current positions of the agents, suggesting that the agents’ local knowledge of the
environment can vary with different groups of neighbors.

This seemingly "limited" information does yield benefits as the systems’ clustering
emerges from the various k-value behaviors, which can indirectly affect the exploration
and exploitation balance of the system. The more information available to the agents,
the more clustering—i.e. bringing the agents closer and into fewer clusters, the system
will tend to be "tied-down" to exploit the available information. Although it can seem
to benefit the system in terms of finding more local information, the system will not
be available in other parts of the environment to find new information—i.e. causing
lesser or limited exploration. Therefore when the environment changes, the system
might take a longer time to adapt to the change.

In an extreme case like k& = 0 (0-nearest neighbor), the agents do not share any in-
formation with each other—i.e. they operate independently to acquire and act on the
information gathered by themselves. While & = N — 1 (/N is the number of agent), the
system is constantly engaging in an all-to-all communication. The all-to-all information
sharing can be similar to that of a centralized information sharing where all the agents
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will get access to all the information. However the difference lies in the method of dis-
seminating information via a centralized node or the individual agents broadcasting to
each other.

In an initially unknown environment, when the agents started in an "exploration" mode,
the deployment of a random walk make sense as it only require "luck" to find the food
sources. In [328], various random walks were evaluated as exploration strategies and
Levy walk yields the best performance. However due to the limitation of the simu-
lation environment, where the agents can only take one step (cell) every iteration, we
have chosen to use a generic random walk instead. At every iteration, agents will send
its sensor data to their neighbors and update their individual local map with sensor
data of their own and their own set of neighbors, according to the eq. 5.6. In the
equation, the adjacency matrix a; ; will determine the sets of sensed data that will be
relevant for the individual agent based in k nearest neighbors and itself.

t
St=J{si(s5laiy(t) = 1)}, (5.6)

t'=1

with sj(t') the sensed data of agent j at instant t, a;i(t) = 1, Vt, and a;;(t) = 1 if unit
i is connected with agent j at instant ¢, and a;;(t) = 0 otherwise. It is worth stressing
that this approach was designed to be compatible with temporal interaction networks,
which have recently been found to be necessary to achieve effective collective responses
by MRS [75].

If there is no food source—i.e. occupied cells—detected in both its own and its neigh-
bors’ sensed data, the agents will continue in "exploration" mode performing random
walk. If there are new occupied cells on the updated individual local map, the agent
will choose the nearest food source and make it its waypoint—i.e. the agent will move
towards it until it is within its sensor radius before registering a new waypoint. After
a given number of iterations, if agents are still not able to find new occupied cells, they
will exit "exploitation” mode and return to "exploration" mode increasing the chance
of finding new occupied cells by increasing agents” repulsion radius. The described
process is presented in the following algorithm 3.

In the dir_travel() function, it will take in the agent’s and its neighbors” sensed data
to evaluate the presence of cells of interest—e.g. dynamic cell. If there is cells of inter-
est detected, the function will compute a vector considering a set X'm repulsion from
its neighbors, repulsion from the domain edges and attraction to the nearest cell of
interest detected. This vector will be processed and dir_travel() will output the next
waypoint for the agent. In cases where cells of interest is not detected by itself or its
neighbors, then the function will compute the next waypoint based on a random walk
algorithm.
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Algorithm 3: K-nearest neighbor

1: num_of_agent < N

2: k_nearest_neigh < k

3: Initialize Environment

4: Initialize Agents a; Vi € [1,2,..., N]
5: for iteration < 1250 do

6: fori<1,2,...,Ndo

7: neighs < find_neighbours(a;,[a1, a2, ... ,an], k)

8: if POI in a;.sensor_data then

9: send_sensor_data(a_i.sensor_data, neighs)
10: end if
11: neighs_sensorqata < receive_sensor_data(neighs)
12: Update_localmap(a;.sensor_data,neighs_sensorqata)
13: next_waypoint = dir_travel(a;.sensor_data, neighssensorgata)
14: a;.move(next_waypoint)

15:  end for

16: end for

5.5 Design of Metrics

In this benchmark framework, we have proposed two metrics to evaluate the overall
operational performance and the flexibility of the system, namely the Map Similarity
Index (MSI) and the Swarm Intelligence Index (SII) respectively.

The Map Similarity Index (MSI) is obtained from the comparison between the collec-
tive map and the true map. The collective map represents the system knowledge of
the environment and the true map represents the ground truth with "clear" cells and
"occupied" food cells. Since the objective of the system is to search only for the "occu-
pied" cells, the MSI only focuses on comparing area(s) where it is "occupied" in the true
map.

The SII is computed from the MSI. The SII is obtained by performing an integration
from the last 250 iterations of simulation’s MSI. The last 250 iterations are chosen to rep-
resent a settled system and that a collective response has taken effect after the change.
The values are normalized to the maximum SII.

Through the results discussion, exploration and exploitation concept will be used to
further understand and give value to the results.

5.6 Benchmark Framework: Collective Mapping Simulation

The benchmark framework provides a simulated experimental environment for users
to evaluate and examine the swarm intelligence of the systems. The modular imple-
mentation allows for variation of environment, agents, communication networks and
strategies.
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In order to understand the challenges that the environment can pose to the system of
agents, we will examine two variables of the benchmark environment—i.e. i) work-
load distribution and ii) dynamics of the environment. Various swarming algorithms
will be employed to observe their performances and their response in these environ-
ments.

5.6.1 Results and Discussion

The analysis of swarming systems’ emergence behavior tend to be challenging, often
the results are not repeatable as the systems” actions are not deterministic. In [13], Beni
et. al. mentioned one of the characteristics of Sl is its unpredictability, which is due to
swarming systems’ self-organization(emergence) behavior. Some described SI as sys-
tems that are on the edge of chaos, where the systems’ performance are highly sensitive
to any change in environment or agent. The factors that affect the vast difference in the
systems’ performance are initial conditions of the agents and environment, distribution
of workload, number of agents, iteration when dynamic change is introduced, etc. This
sensitivity is reflected in the results as standard deviation, describing the spread of the
results.

In order to reduce the standard deviation of the results, we employed a method to
select 5 simulation runs for each case before evaluating the systems’ performance. The
mean is plotted in each graph. In the future, more cases can be run to further improve
the accuracy of the results.

Effect of workload distribution on the flexibility of the system

In this section, the effect of workload distribution will be examined. In order to isolate
this effect, and not be affected by other factors like dynamic environment, the systems
will be subjected to a static environment with a range of workload distribution—i.e.
1, 2 and 3 pillars, and scattered workload. The other simulation parameters are kept
constant as shown in Figure 5.2.

TABLE 5.2: Simulation parameters: Effect of workload distribution

Parameter Quantity (units)
1. Total # of iteration 1250

2. Total # of agents 16

3. Agent-agent repulsion radius 8 m

4. Agent sensor radius 0.5m

5. Total # of pillars 1,2, 3, scattered
6. Change occurs at iteration static

Fig. 5.2 shows a comparison of all the performances of the systems operating in a
scattered, 3 pillars, 2 pillars and 1 pillar environment, from a vastly dispersed to a
concentrated workload. The intention of this simulation is to understand the effect of
workload distribution has on the performance of the various systems. In each of these
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environment, strategy KNN-R (k = 0) is chosen to be the baseline for comparison as it
is a fully independent system where agents are independently performing both explo-
ration and exploitation. In each of the cases, although the systems are all exposed to
the same number of dynamic cells (12% of the area of the environment), the distribu-
tion of these workload (dynamic cells) are different, it is notable that different strategies
excelled under different environment.

This is an indication that different distribution of workload can pose level of challenge
to the various systems, requiring different level of SI to excel. Also, although the envi-
ronment is static, SI strategies has shown to be effective in the different static environ-
ment providing higher Map Similarity Index (MSI). Self-organization of these agents is
still effective in allowing for the discovery of the "food” cells when the systems lack any
prior environmental knowledge—i.e. unknown environment.

In fig. 5.2, it is observed that the generic PSO employed scores the lowest MSI as com-
pared to all the other strategies. As the generic PSO was designed to locate local or
global, minimum or maximum point—i.e. the gathering of agents in a single location—
within a search space, and is not suitable for a problem with an objective(s) that spans
an area. The initial phase of PSO before stagnation indicates the convergence of the
agents towards a point of interest and hovering around it. As the system enters into
a steady-state, it loses its exploration effort and remains stagnant as its exploitative
actions does not cover an area.

The result from the scattered environment shows that strategy ABC and k = 0 per-
forming the best and strategy k¥ = 5, k = 9 and k£ = 15 performing the worst. In such
an environment, where the objectives are scattered randomly, a high exploratory strat-
egy can perform better. Comparing top performing ABC and k& = 0 strategy, ABC has
got an advantage of a cooperative exploration over £ = 0 non-cooperative—i.e. in-
dependent agents performing random walk. In such a randomly scattered objectives,
exploitation is not favorable because the information gathered from the environment
will not help the agents in searching for other cells—i.e. the location of a cell does not
help the agents in locating the consolidated cells (continuous area of objectives). There-
fore it is observed that strategies with a hint of exploitation does not perform well in
this case. Although visually this environment might seem challenging, it is actually not
complicated. It does not require any level of intelligence to perform fairly well in this
environment as shown by strategy k& = 0.

On the opposite end of the workload distribution spectrum, in the 1 pillar case, ex-
ploitation is favored. Once the pillar is detected, the agents can exploit the information
to gather around the area since there is only 1 pillar of workload. Therefore it can be
observed that strategies with higher exploitation like £ = 5, k = 9 and k = 15 perform-
ing well in this case. Since £ = 0 does not perform cooperative exploitation, the system
does not make use of the information to gather around the objective and causes it to
perform the worst. In fig. 5.2(D), ignoring PSO generic, the benefit of cooperation can
be clearly seen as compared to a fully independent k£ = 0 system. Now, the power of
cooperation within a system can be observed and measured in this environment.

The case of 2 pillars and 3 pillars requires more from the system, that is to have both



Chapter 5. Towards a benchmark framework that probes the flexibility of swarming)3
systems.

exploration and exploitation, forcing the system to have a right balance of exploration-
exploitation. This can be seen in both the cases result showing k& = 3 having higher MSI.
k = 1 showed the benefit of exploration in higher workload distribution, for example
in 3 pillars as compared to 2 pillars environment. Although the other strategies (except
for PSO) possess a blend of exploration and exploitation, their EE balance does not suit
this environment as well.

It is also observed that, in fig. 5.2(B), after iteration 600, higher % systems start to score
lower MSI than our £ = 0 baseline which shows that there are environments where
high level of swarm cooperation—i.e. exploitation—does not guarantee a better per-
formance. In our KNN-R strategy, swarm cooperation can be seen as the exploitation of
the system. Unique to our strategy, the exploration is purely random via random-walk
algorithm whereas the cooperation resides within exploitation described by k£ value—
i.e. the flow of information, the higher the flow of information, the higher system
exploitation or swarm cooperation.
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Effect of dynamic100 environment on the flexibility of the system.

In this simulation, the systems are subjected to an environment with change occurring
at iteration 100. This increases the difficulty of the problem drastically as the change
introduced is instantaneous and does not overlap with the past pillars/cells—i.e. prior
knowledge of the environment is deemed futile, which can be observed in the drastic
drop of the Map Similarity Index (MSI) in fig. 5.4 (B, D, F, H) at iteration 100. Further-
more, the systems in the dynamic100 environment are exposed to two sets of occupied
cells, one set before the change and the other set after the change—i.e. having to collec-
tively map out twice the number of cells as compared to a static case. The maximum
MSI of 1.0 represents the maximum similarity of one set of pillar(s) of "occupied" cells,
as MSl is based on the similarity of areas with "occupied" cells. Therefore the MSI is the
similarity index of the "occupied" pillar(s) before and after the environmental change—
i.e. drop in MSL In fig. 5.4, the results are presented in a static-dynamic100 pair (A-B,
C-D, E-F, G-H). The simulation parameters are presented in table 5.3.

TABLE 5.3: Simulation parameters: Effect of dynamic100 environment

Parameter Quantity(units)
1. Total # of iteration 1250

2. Total # of agents 16

3. Agent-agent repulsion radius 8m

4. Agent sensor radius 0.5m

5. Total # of pillars 1,2, 3, scattered
6. Change occurs at iteration 100iteration

The case of scattered objectives, in fig. 5.4(A-B), showed little difference in the sys-
tems’ performance relative to each other, between the static and dynamic100 environ-
ment. Since the objectives are already randomly scattered—i.e. extremely unstructured
environment—displaying no pattern, the agents will not be required to process any in-
formation regarding the pattern of the objectives. Therefore injecting an environment
change will not drastically affect the system in a different way and the strategies with
high exploratory actions are still favored in both cases.

From dynamic environment 1 pillar onward, it can be observed that these environ-
ments pose a challenge to the systems. In 1 pillar case, in fig. 5.4(C-D), comparing
static to dynamicl00, strategy ¥ = 9 and £ = 15 predominantly out-perform other
strategies given their high exploitative actions which is advantageous for a 1 pillar
objective. Nonetheless, for both cases, strategy with cooperation does provide an ad-
vantage over independent k£ = 0 system. However, the dynamic100 environment takes
a toll on the systems’ performances and it affects strategies with lower exploitative
actions—i.e. ABC and k = 1, creating a larger spread of systems’ performances.

In fig. 5.4(E-F), strategies k = 3 seems to have the right EE balance to operate well
in this dynamic environment, giving the best performance. It is also observed that
strategies k = 1 and ABC performance reduces drastically in the dynamic100 envi-
ronment, similar to the case in dynamic100 1 pillar case. Although ABC'is a highly
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exploratory strategy as observed from its performance in the scattered case, the envi-
ronmental change causes its performance drop drastically. We can deduce that there are
other factors that affect the recovery of the strategy, despite its high exploration.

The inability for ABC' to quickly recover in its performances has got to do with the
different state the the system is subjected to—i.e. initial condition (locations and mode
of agents) for the static case and the condition at iteration 100 for the dynamic case.
Since in the static case, the initial condition for all the agents are that the agents are
spread evenly across the domain and are in exploration mode—i.e. the agents are not
preoccupied with exploitation work, these contributed to the performance of ABC. In
the dynamic100 case, at iteration 100, the agents will not be evenly spread out and some
may be preoccupied by exploitation work which can cause ABC exploration to reduce,
thus the drastic performance drop of ABC in dynamic100 environment.

Fig. 5.3 compares the various strategies operating under 1p, 2p, 3p, scattered dy-
namicl00 environments through SII. It is observed that for KNN-R strategy, as the
environment becomes more challenging—i.e. increase in workload distribution (1p,
2p and 3p)—, the optimal % value decreases with SII. Cases 2p and 3p shows a simi-
lar optimal £ = 3, however a higher granularity of simulation runs (e.g. ¥ = 2 and
k = 4) may reflect the reduction in optimal k£ value in these 2 cases. The scattered
case shows the best performing strategy ABC which possess the highest exploration
suited for this challenging environment. Therefore, as the environment becomes more
challenging, the higher exploratory strategies will score a higher SII.
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FIGURE 5.3: Swarm Intelligence Index (SII) of systems when change is
injected @100 iteration

Effect of various dynamic environmental change (early to late)

In fig. 5.6, in a 2 pillars objective environment, the systems are subjected to various
dynamics of the environment, from as early to late change. In this case, a slow change
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signifies a change that occurs towards the end of the simulation, allowing the systems
to stabilize and settled before the change is injected. An early change then signifies
that the change occurs towards the start of the simulation, giving the systems less to no
time to stabilize and settled before the change is injected. An early change is similar to
a high frequency change while a late change is similar to a low frequency change in [?].
In this evaluation, we can examine the systems’ settled level and their responses to the
change.

TABLE 5.4: Simulation parameters: Effect of (slow to fast) dynamic

change
Parameter Quantity(units)
1. Total # of iteration 1250
2. Total # of agents 16
3. Agent-agent repulsion radius 8m
4. Agent sensor radius 0.5m
5. Total # of pillars 2
6. Change occurs at iteration 100, 600, 1000, static

In the 4 cases illustrated in fig. 5.6, a change in the environment is indicated when a
drastic drop in MSI is observed in the results. These systems started with the same
state—i.e. location and exploration state—across static, dynamic100, dynamic600, dy-
namic1000 environment. Therefore, the relative performances of the systems before the
change are similar as compared to that of the static case. However, the systems start to
perform differently after the change due to the different "initial state after the change"
of the systems and the limit of the length of the simulation run.

In fig. 5.6(B), since there is only 250 iterations left after the change, a higher exploitative
strategy k = 9is required to rapidly make use of the existing environmental knowledge
to gain more cells. k£ = 15 is overly exploitative and is not the right EE balance for this
case. In fig. 5.6(C and D), the effect of the "settled-ness" (before the change) has on
system (after the change) can be observed via the optimal £ computed and displayed
in fig. 5.5. In dynamic100, since the change occurs at iteration 100 when the systems are
in the initial exploration phase, the states of the systems did not vary much from the
initial state of the systems at iteration 0. However, the difference in the starting states
of the systems (iteration 0 and 100) does pose a challenge to the systems as the relative
performances of the systems decrease when comparing dynamic100 to static case. In
dynamic600, a higher exploratory optimal k = 1 is essential to perform well after the
change. Since the systems’ performance are approaching a plateau—i.e. becoming
stagnant—at iteration 600, the systems can be described as becoming stiff. Therefore,
after the change, a strategy with a high exploration can outperform the others.

In fig. 5.5, it is observed that in a 2 pillars environment, when the problem increases
in its temporal severity from dynamicl00 to dynamic600, the optimal k reduces with
SII. It is consistent with the trend seen in increasing the spatial severity of the problem
from 1p, 2p to 3p. However, when the problem becomes even more challenging at
dynamic1000, a higher exploitative strategy £ = 9 performs the best. Interestingly, it
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is not the case for the most challenging problem by spatial severity (scattered) which a
higher exploratory strategy ABC performs the best.

As the systems operate longer (before the change) in an environment, it stabilizes and
it tends to be in a more clustered state due to exploitation, which also contributes to the
"settledness" of the systems. This state of the system post as a challenge for the system
to self-organize to adapt to the environmental change and to escape the steady state. In
the static environments, the systems started in a state where all the agents are evenly
spread across the domain and they are all in exploration mode. It is not difficult to find
the pillars and exploit the static pillars as compared to the systems being engaged in
exploitation prior to the dynamic change. This requires the system to self-organize and
search for the new pillars. Therefore the problem can get even more challenging when
the environment becomes dynamic. Since a fast change occurs way before the system
settles, it is more likely to adapt better to the change as the agents might be spread out
and lesser are engaged in exploitation.
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5.7 Conclusion

The purpose of this work is to bridge a significant gap between Swarm Intelligence re-
search and physical world application, and also to understand SI in various difficult en-
vironments. The design phase of a swarming system is important to allow researchers
and engineers reduce the resources needed to implement swarming system solutions.
One of the tools that can aid in the process of understanding a particular SI strategy,
measure it, and compare it with existing strategies is a benchmark problem. Inspired
by research in e.g. artificial intelligence(machine learning) and optimization, where
they have access to multiple standard benchmark or toy problems that can aid users in
understanding the performance of their solutions, it can also present itself as a tool for
fast prototyping to reduce overall implementation cost and to ensure effectiveness of
solution.

In this work, we have designed an SI benchmark framework to probe the flexibility of
a system such that it can be measured and be assessed against other solutions. From
our study and perspective, flexibility is an outcome of collective behavior which can be
an indication of SI and it is a property of a system that evolves with its environment—
i.e. flexibility of a system will be different if it is subjected to different environment.
Therefore in order to capture the full flexibility potential of a system, it needs to be
subjected to multiple environments such that a suitable challenging problem can probe
its flexibility. Note that it is not necessarily the most challenging problem that will
probe the flexibility of the system.

The SI strategies (KNN — R, ABC, PSO) are being evaluated in the various environ-
ments spanning across different levels of workload distribution and dynamics of the
environment. The objective in all the environments are kept constant—i.e. the occu-
pied "food’ cells that the systems are required to discover is 12% of the domain area—
while the different levels of workload distribution describe the spread of the objective,
the dynamics describe when the change occurs (earlier or later) in the simulation run
time.

The concept of exploration and exploitation is important in the discussion of the bench-
mark framework results. Since flexibility part of adaptability, exploration and exploita-
tion is a suitable concept to better understand such adaptive process. For the strategies
discussed in this work, they possessed a fix exploration-exploitation strategy, although
KNN-R can be further developed to encompass an adaptive exploration-exploitation
strategy. As the environment changes, the adaptive KNN-R can then change its k ac-
cordingly to suit the environment.

The metrics that we deployed in this work to for comparison is the Map Similarity Index
(MSI) and the Swarm Intelligence Index (SII) of the system. The MSI describes the overall
operational performance of the system in discovering occupied "food" cells. The SII of
the system captures the flexibility of the system as it adapts to the change. The ranking
of different system’s flexibility is not trivial, although a system might recover the fastest
from an environmental change, over time its performance might not sustain and be the
best overall performing strategy. In the end, it depends on the profile of the problem
that is posted to the swarming system. Is the system subjected to a short or long (time)



Chapter 5. Towards a benchmark framework that probes the flexibility of swarming)9
systems.

mission? If it is subjected to a long-term mission, is quick recovery still required and
beneficial? If it is a short-term mission, will the strategy with the fastest recovery be
able to maintain as the best performing overall strategy?

Therefore by utilizing our proposed benchmark framework, the user will be able to
understand his/her SI solution and the environment in which it can perform the best.
The user can also alter the benchmark environment and agents that best described the
problem that is to be solved, and design a solution for it. This can be a starting point
for the solution implementation into the physical world, and thereafter, tuning can be
done to achieve better performance.

In our future work, we will examine the transferability of SI results gathered from our
proposed benchmark problem to a different problem. If the results are not transferable
to another problem, in other words, results are confined within this benchmark prob-
lem, the proposed benchmark problem will be rendered as impractical. The idea of SI
transferability will be explored in the following Chapter 6.
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Chapter 6

Qualitative study on the
Transferability of Swarm
Intelligence

6.1 Introduction

In Chapter 5, we have proposed a benchmark framework for evaluating and comparing
the flexibility of systems. The benchmark framework is built upon a problem of collec-
tive mapping, where the objective is for the system of agents to search and map out the
occupied cells—i.e. "food” source(s). The systems will be evaluated through a series of
different environment—i.e. different level of workload distribution and dynamics of
the environment—, representing different level of difficulty specific to the individual
systems. Since flexibility is a measure that is highly dependent on the system and its
environment, by varying the difficulty of the environment it will probe the system dif-
ferently, ideally allowing users to understand the best solution (SI strategy/algorithm)
suited for the specific environments.

The overall operational performance (Map Similarity Index), Swarm Intelligence In-
dex, and the exploration-exploitation balance of the systems in the various environ-
ments are studied to provide us with the insights into the best performing strategies.
In future, with these information, users can select the best performing strategy for a
given scenario as a starting point for physical implementation work, hopefully short-
ening the system tuning process to achieve better results. Now, having these results
and insights, it begs the question of how useful they are given that the strategies are
deployed to solve a different problem—i.e. other than collective mapping. This is es-
sential to the concept of a benchmark framework, that the results and insights can be
extracted and make sense of even when its applied to a different problem. If the find-
ings and results are constrained within the benchmark problem, it will only provide
limited contribution in terms of the evaluation of SI. This can render our proposed
benchmark framework as ineffective.

The concept of applying the results and insights we gained from one problem to an-
other is the study of transferability. In many research work, generalizability is a more
common concept that is applied than transferability. In generalization, the findings
from a large population is applicable to a specific case. However, in transferability,
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it is the study of findings attained from a specific case applicable to another specific
case. This concept of transferability are applicable in many area of research like in so-
cial sciences [329], medicine [330], robotics [331], and more. In terms of SI, which is
highly dependent on the environment, it will be useful to learn about its transferability
to benefit future development in SI.

In this work, we will be evaluating a SI algorithm in two different problems of collec-
tive mapping (benchmark problem) of multiple dynamic objectives and multiple fast
target tracking (in [332]). The latter problem is selected as target tracking is a com-
mon operation for both multi-agent and multi-robot systems. Especially when there
are multiple targets that are moving fast—i.e. faster than the agents, it is considered
a NP-hard which was first formalized in the Cooperative Multi-robot Observation of
Multiple Moving Targets (CMOMMT) framework by Parker and Emmons [258]. In
this scenario, an application of a meta-heuristic solution like swarming algorithm can
overcome the NP-hard problem by providing a sub-optimal performance. Consider-
ing the two problems, we will attempt to apply the strategy, PSO adaptive repulsion
[332], and evaluate its performance and discuss the insights (i.e. trends) that can be
observed in both the problems. The transferability will be studied qualitatively. The
work will be presented in the following sections 1) Strategy: PSO adative repulsion, 2)
Benchmark problem, 3) Multiple fast targets tracking, 4) Results and discussion, and 5)
Conclusion.

6.2 Strategy: PSO adaptive repulsion

In this work, we are employing a PSO variant strategy, that is inspired by Kwa et. al.
[144] PSO algorithm, into the two different proposed problem—i.e. collective mapping
of dynamic distributed workload and multiple fast target tracking. This PSO vari-
ant is modified to include agent-to-agent adaptive repulsion and altering the system’s
communication network topology to overcome issues of over-exploitation—i.e. to en-
courage exploration in an environment where gaining new information is important to
adapt to the unknown and dynamic environment.

Particle Swarm Optimization (PSO) algorithm is one of the earliest natural swarm in-
spired algorithm developed by Kennedy et. al. [326] to model after birds and fishes,
for the purpose of studying the behavior of the systems” movement. Eventually, PSO
has found its utility in solving optimization problem. It is not surprising as natural
swarms perform constant optimization in their behaviors. PSO is a metaheuristic that
makes less or few assumptions which allows it to be applied to wide range of optimiza-
tion problem. However, it does not guarantee an optimal solution.

In general, the original PSO algorithm is a centralized approach in which agents make
use of its current velocity vector, personal best(in terms of fitness value) location and
global best location to compute its next velocity vector that guides the agents” way-
point. It is described in eq. [4,5] of [42] by [326, 327]. The following eq. 6.1 described
the velocity vector that each agent has to compute at every time step, also giving oper-
ators the ability to fine tune the weight of every term.
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vf“ =w-vi+ ¢pb - rand(0,1) - (pt — b)) + ¢gb - rand(0,1) - (ptg —zh) (6.1)

Each agent will have a z; that is a position in the domain while the velocity v; vector.
pi being the current best personal solution and p, being the best global solution of
the swarm. The various terms in eq. 6.1 describe (1) the current velocity vector, (2)
the vector towards the personal best and (3) the vector towards the global best, with
W, Ppp, Pgp as the weights to tune the system. w describes the inertia of the agent in
its current direction of travel, the higher the value of w, the more inertia the agent
possessed to be steered away by the other two terms. ¢,;, and ¢4, would determine the
influence of personal best and global best on the agent’s new velocity vector. Notice
that randomness rand(0, 1) is also applied to these two terms which is important

However it is noted that in the application of PSO, agents tend to swarm towards and
cluster at a single point of interest, often at the local minima or maxima instead of
a global minimumor maximum—i.e. the system gets stuck in a local point of inter-
est. This is an issue with PSO inherent over-exploitation which is generally caused by
(1) outdated memory, and (2) excessive exploitation of the search environment at the
expense of exploration [333]. In order to overcome over-exploitation and encourage ex-
ploration, there are various techniques that we can employed to include agent-to-agent
adaptive repulsion and altering the system’s communication network topology.

There are also other techniques that suit computational employment of PSO which
randomizes the particle positions and fully restarting the entire PSO process when the
‘global best” (gBest) value has not been updated in several iterations [334, 335] to en-
courage more exploration. However, these approaches are not ideal for physical world
deployment—e.g on a multi-robot system. It will not be effective to collect the physical
system and redeploy them randomly when gBest stays stagnant. Therefore Jatmiko et.
al. have proposed another technique of dispersing the agents if the gBest value has
not changed for a specified number of iterations [336]—i.e. adaptive repulsion. One
can also implement a PSO strategy with a constant agent-to-agent repulsion to reduce
clustering [222].

Here is the repulsion vector [27] that we use in addition to the above 6.1 to repel away

from other agents.
Veepaltl = — ) <aR[t]>d rijl] 6.2)
" i \riltl ) rislt]

where r;;[t] is the vector from agent i to agent j at time-step ¢. The level of inter-
agent repulsion is controlled by (1) the dynamic repulsion strength, ar|t], represented
in physical distance (m) that is to be kept amongst the agents, (2) the exponential term
d in the term (ag/7ij).

The adaptive repulsion works as describe in 4, where the system’s repulsion radius
is changed depending on the situation that they are in. As the system explores the
environment, the agents that have detected points of interest will keep track of their
individual pbest, p. In the event when an agent have an empty pbest and its neighbors
did not have pbest(s) to share, the particular agent will start to increase its repulsion
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radius towards the maximum apr max to encourage exploration in the swarm. In the
event when the agent have a pbest or its neighbors share their pbest, the agent will
then decrease its repulsion radius towards the minimum a g min to exploit and draw the
swarm towards it. This provides the system with a level of adaptation when presented
with a varied environment as illustrated in fig. 6.1.

Algorithm 4: Adaptive Repulsion

Set QR min = 4, QR max = 12, d=6,and § =1
while System active do
if p; == [J or 3j € Nis.t. p’ == [| then
if aR < GR max then
ar < ap+9
end if
else
if AR > QR min then
aR < aRp — )
end if
end if
end while

Adaptive i Constant Repulsi

x
xox . n
« x
x
x
X x
x x

FIGURE 6.1: (Left) Agents using adaptive repulsion being blocked by

the search-space boundaries and neighboring agents; (Right) agents re-

maining in place after losing track of the target with the low exploratory
behavior in the presence of low constant repulsion.

Next, PSO network topology defines the channels at which information flows amongst
the agents. Interestingly network topology does solve part of problem (1) and (2) men-
tioned above by restricting the information flow within the system. When the system
is less connected, information will only be available within an exploiting sub-system,
thereby causing only the sub-system to possess out-dated memory;, if any, and allowing
the rest of the system to continue exploring. This information exchange represented in
the form of network topology is important in determining the collective response of
a swarm [337]. The most commonly studied network structures are the static lbest
(ring) and gbest (all-to-all) network topologies, with the gbest topology being the pre-
dominant approach [338]. In general, these networks are fixed during initialization of
the system and do not change throughout the PSO simulation. In a recent study, it is
recognized that agents in PSO networks with lower amounts of connectivity (i.e. low
degree) perform more exploratory actions achieving higher global search performance.
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In contrast, agents in networks with greater connectivity (i.e. high degree) perform
more exploitative actions and fare better at local search tasks [339].

The use of a static network has not been a problem when performing PSO simula-
tion, however this will pose a challenge to MRS, deploying PSO strategy, operating in
an unstructured physical world. The limited communication range and information
processing capabilities of a robotic system will constrain the number of connections it
can establish and sustain. Therefore, dynamic PSO networks based on metric-distance
neighbors have been proposed and studied [340, 341]. The findings showed that a
larger communication range will result in faster convergence for the swarm [340]. As
the communication range increases to cover the entire swarm, an all-to-all network is
established and the system has reached its maximum convergence time [341].

The study of swarm network shows that there is an optimal level of connectivity amongst
the agents. Interestingly, this optimal connectivity is directly related to speed of the
driving signal [280]. Furthermore, it has also shown that although initial increase of k
does improve the system’s performance, beyond the optimal k, it will be detrimental to
the system’s performance—i.e. collective respond to external perturbations [272]. This
implies that while tracking a dynamic target, instead of relying on all agents within a
set communication range, tuning the level of connectivity of a swarm may result in a
better collective tracking performance.

Finally, in Kwa et. al. [144] work, the concept of memory of agent was also explored.
Since one of the issue with traditional PSO application is the (1) out-dated memory, an
improved PSO was presented with a memory erase function. During implementation,
if the agent’s lbest does not change or improve for a specified number of iterations, then
this particular agent will "forget" its lbest, in combination with the adaptive repulsion
described earlier, to prevent the agent from over-exploitation. Kwa et. al.’s improved
version of PSO includes (1) adaptive repulsion illustrated in fig. 6.1, and (2) memory
erase.

The version of PSO adaptive repulsion with memory erase that will be use in this work
is presented in algo. 5. It will be applied to two different problem of collective mapping
and collective tracking, for the evaluation of the transferability of SI.

6.3 Problem 1: Collective Mapping

The first problem that the system will be solving is a collective mapping problem. In
order to create a challenging mapping problem, we consider increasing the workload
distribution and adding dynamics to the environment. The system of agents will tra-
verse the environment to map out occupied pillar(s) of cells, which are dynamic and
will change its location after a specified time interval. It could be an analogue to a
sub-colony of worker ants foraging food sources in an unknown environment, noting
the difference in the simulated agents that does not require them to transport the for-
aged food back to the nest, as there is not nest. In the physical world, the food sources
could change due to various reasons like other animals or insects depleted the food
source, the rain wash it away, or humans remove them. It is a problem where the
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Algorithm 5: PSO with adaptive repulsion and memory erase
N =16,k=3M = tmem
while ¢ < maz_iteration do
for each agent i do
Receive pbest; from k neighbors
Select most updated pbest; and pbest; to be lbest;
Compute vf“ shown in eq.(6.1)
Compute vy, ; shown in eq.(6.2)
vf;:;l,i <_V§+1 + Vﬁepj
Adjust agent i agr with algo. 4
Move agent i with z/T! «—xt + v
Update [pbest;,t] if any
if (¢ - ¢ of pbest;) == M then
Empty pbest;
end if
end for

end while

t+1
total,z

agents constantly explore and exploit the known and unknown food sources within
the domain. Exploration is required to search for new food sources during initial ex-
ploration phase or when environmental changes are introduced. On the other hand,
exploitation is required to map out (or collect) as much of the pillar(s) of "food sources"
as possible.

From the perspective of collective mapping, we have made modification to the prob-
lem such that it is simplified for us to better evaluate SI of the system. Firstly, pillar(s)
of interest will not pose as environmental obstacles, which means that the agents will
not need to perform obstacle avoidance. This allows for an observation of the direct
exploration and exploitation, as obstacle avoidance can alter the display of the agents
behavioral intent. For example, an agent intent is to move towards a computed way-
point to perform exploitation, however, when an obstacle stands between itself and the
waypoint, it can cause the agent to take a detour and may portray a less exploitative
action as it intended.

Secondly, the agents” sensor data like odemetry, orientation measurement, and short
range obstacle sensor data are considered without errors—i.e. perfect sensor data. This
means that the occupancy grid map(OGM) does not need to hold the belief(of the prob-
ability of the existence of obstacles) of the agents reducing the chance of compounded
errors negatively influencing the system. Since the orientation and odemetry sensor
data are without error, after initialization of a common reference frame, the local map
merging process of the shared local maps(OGM) according to the defined network is
simplified. There is no need for applying map merging techniques to combine local
maps. Since there is no errors, the values in the OGM cells are 0, 0.5, or 1.0, repre-
senting cleared, unknown, or occupied cells respectively. Furthermore, we assumed that
the agents start in a known but cleared environment which further simplify the OGM
to take only values 0 or 1.0. The merging of the local maps will simply be as follows,
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shown in eq. (6.3). If we were to remove these assumptions, there are techniques and
solutions in reasearch to deal with each of our assumptions like implementing Simulta-
neous Localization and Mapping, map merging techniques without common reference
frame, etc..

1, ifA;=1lorBy=1 _
Cij—{’ iy = OB V(i) € {1,2...,480} 6.3)

0, ifAij:OandBij:07

The simulation environment is 48m by 48m, with a resolution of 0.1—i.e.480x480 grids—
, represented in an occupancy grid map (OGM). There are 2 pillars of occupied cells (or
food sources) that makes up 12% of the domain, in this case, each pillar makes up 6%
of the domain. The pillars” length = width will also be maintained to ensure "fairness"
when searching in both x and y direction. The multiple pillars are designed to not over-
lap, even if there is a change in the environment, the pillars before and after will also
not overlap. In this problem, the change in the environment will be injected at iteration
100.

In this simulation, a total of N = 16 agents are deployed, each of the agents move
with a constant speed of 1cell/iteration or 10cm/iteration. Due, to the granularity of
the environment, the agents are limited to moving 1cell in one of the eight direction—
i.e. [0°,360°] with increment of +45°. The agents are equip with a variable range all-
around sensor—e.g. lidar—, default set to 0.5m. The agents will be connected and
share information locally based on the k-nearest neighbor network described in section
6.2.

6.4 Problem 2: Multiple fast tracking

The second problem that the system will be solving is a multiple target tracking prob-
lem. The objective is for the agents to stay on target—i.e. within the radius of the target.
In order to increase the difficulty of the problem, the targets are set to move faster than
the agents. This could be an analogue to a military defense mission where drones are
deployed to track multiple fast enemies movement.

In order to make the problem more challenging, the agents possess a near-zero-range
sensor tracking a target of radius 1m that does not emit a gradient field. In other words,
the agents will only know that they are tracking if they are within the target radius. Fur-
thermore, the targets are moving faster than the agents which increased the difficulty
of the task drastically.

The targets move in accordance to a "non-evasive" or a "evasive" policy. In the "non-
evasive" policy, the target traverse to random way-points within the environment. In
the "evasive" policy, the target follow the "non-evasive" policy until it comes into con-
tact with an agent. Upon contacting an agent—i.e. positioned within the target’s
radius—, the target computes its velocity using a repulsion equation [144], with all
the agents within its radius as repulsion neighbours. After encountering agents for
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tiimit consecutive iterations, the target will travel in one direction for t.,qq. iterations,
in attempt to escape its pursuers.

There agents operate in a continuous search space of 25m by 25m. A total of N = 50
agents are deployed in an environment with two "evasive" targets. The agents are
communicating according to a communication network designed within the system’s
strategy described in section 6.2.

6.5 Results and discussion

In this simulation, the strategy of PSO adaptive repulsion is applied to two different
problem of collective mapping and multiple target tracking problem. Despite the vast
difference in the assigned tasks, the trends of the performance of the systems observed
from these results are common across both problems, suggesting a level of transferabil-
ity of SIL.

Firstly, it is observed that there is a common trend of the presence of an optimal &
that yields the best performance in their respective solutions. In figure 6.2, it shows
the collective mapping performances of the various k value system over the period of
simulation (1250 iteration). The performance of the system refers to the cumulative
number of occupied cells detected throughout the operation, both before and after the
environmental change is introduced. It is observed that as & increases from 0, the worst
performing k value system, the system’s performance increases up to its best perform-
ing k = 3. After which, the system’s performance deteriorate as k continues to increase.
This showed an optimal performing k of the system, further illustrated in figure 6.3b
(dotted green line), reiterating the optimal best performing k£ = 3.

Similarly, this trend of optimal k appears in all the cases with different environmental
settings—i.e. dynamic change at 100 and 600, and 2 and 3 pillars. Result in figure 6.3a
also showed that in both "non-evasive" and "evasive" target(s) scenario, there exist an
optimal best performing k value system. However, both the 1 pillar cases (in fig. 6.3b)
have seen to plateau instead, as there is only 1 objective (pillar) the high exploitative
strategies k£ = 9 and k£ = 15 behaves similarly—i.e. kK = 9 were not given a environmen-
tal condition to form more than one clusters, both £ = 9 and £ = 15 form one single
cluster in this environment.

Secondly, as the problem becomes more challenging—i.e. increasing workload dis-
tribution (targets and pillars), or dynamic of the environment (evasive targets and
fast/rapid change)—, both the overall performance and the optimal & of the systems
reduce. In fig. 6.3a and 6.3b, although they represent two very different problems,
this trend persists. This shows that the optimal k, for the same system, changes as the
system operates under various environmental settings. It suggests a constant choos-
ing (or balancing) of optimal as the system operates in a dynamic environment. In fig.
6.3b, the three pillars cases (green dotted and solid lines) does not show a reduction in
k, from a less challenging dynamic600 to more challenging dynamic100 environment.
This could be due to the limitation of the collective mapping simulation environment
where it cannot accommodate more agents leading to a low granularity of possible k&
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and its performance. In this work, we have compared and discussed about PSO adap-
tive repulsion with £ as a tunable variable to alter the system’s performance to suit the
environment, k is merely a representation of the system’s exploration-exploitation bal-
ance. When the system’s connectivity & is low, the system is loosely connected, which
means that it possess more exploratory actions than exploitative actions. Therefore,
in order for a system to adapt to changes in the environment, it is ideal for the strat-
egy to be tunable—i.e. ability to tune the exploration and exploitation of the system.
It does not need to be the k£ value, which is specific to PSO adaptive repulsion. The
tuning is beneficial as there exist an optimal exploration-exploitation balance. In an en-
vironment that is more challenging, the system should increase its exploratory actions
(reduce exploitation)—e.g. reducing k for PSO adaptive repulsion strategy—, and vice
versa.
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6.6 Conclusion

We have examined PSO adaptive repulsion with memory erase strategy operating in
two different problems of collective mapping and multiple fast targets tracking. This
work attempts to show the transferability of Swarm Intelligence. It may not be an
exact system performance transfer as Swarm Intelligence is environment (or problem)
dependent, but the trends of SI that we have observed are consistent with the two
problems.

A level of transferability of SI trends can be observed across fig. 6.3a and fig. 6.3b.
There were two trends that persists in both the results, (1) there exist an optimal % for
all cases with varying environmental parameters, and (2) when the difficulty of the
environment is increased, it is observed that the performance of the system and the
optimal k reduces.
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FIGURE 6.3: Performance vs. k

The trend of an optimal £ for each system in different environment, brings about an in-
sight into a tuning a tunable SI strategy. As the environment changes, in this case, the
system can tune k such that it can aim to maintain the optimal % for various environ-
ment. In our strategy, tuning k will indirectly affect the exploration and exploitation of
the system—i.e. a representation of exploration-exploitation balance. When a system
can be tuned to shift its exploration-exploitation balance, it will be truly an adaptive
strategy. However, when will the system tune its exploration-exploitation and to what
level?
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FIGURE 6.4: A concept of swarming system characteristic map

In order to predict the exploration-exploitation balance of a system, we would pro-
posed a concept of a swarming system characteristic map illustrated in fig. 6.4. The
purpose of this characteristic map can form a basis for users or systems to first select
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a starting exploration-exploitation balance point, thereafter fine-tuning can be made to
further improve the performance of the systems. In order to build this characteristic
map, the system can be subjected to a series of environment in our benchmark frame-
work [Chapter 5]. For each combination of environment temporal and spatial severity,
the optimal k£ with the best system performance will be plotted onto the characteristic
map. In fig. 6.4, the environmental parameters used were "Settledness" and "Work-
load Distribution" representing the difficulty of the environment and the exploration-
exploitation parameter used was "k".

Nonetheless, this work can be expanded to further study the transferability of SI in a
quantitative manner and with different environments.
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Chapter 7

Conclusions

This work began by exploring the behaviors of the swarming system, where social in-
sects and animals display a form of order in their daily maintenance of hives, escaping
predators, foraging, etc. The order displayed in natural swarming systems is intriguing
due to the lack of a central command providing the system of agents with instructions,
often these "instructions" are rules embedded within the system such that the agents
can carry out their functions. This phenomenon is often said to be possible with a form
of intelligence—i.e. Swarm Intelligence.

In order to learn from nature and apply this intelligence to solve the many problems
faced by humans with the advantages that swarming systems can offer, it is important
to understand (SRQ1) What is Swarm Intelligence (SI)? Currently, there are multiple
perspectives on the definition of SI from various groups of researchers—e.g. biologist,
roboticist, computer scientist, and more. Although these multiple SI definitions sug-
gest non-unifying definitions, these perspectives highlighted the multiple facades of
SL

As the research community progresses on the development of SI, there is a need for the
analysis of SI systems. In the near future, as the development space of SI application
gets saturated, by showing that SI solution works to solve a particular problem will no
longer suffice. As SI development progresses, it requires an analysis that can measure
and compare SI among the systems so as to determine a better suited solution for the
problem. Note that a high overall system performance does not necessarily suggest a
high SI. Therefore, in this work, we have addressed (SRQ2) How can SI be quantified,
such that it can be measured and compared?

We have learned that SI is a result of self-organization (SO), which is a widely accepted.
SO is a collective behavior that emerges from the constant local interactions among the
individual agents. It is the first phenomenon that many recognizes as SO is the ordered
pattern that emerges as the agents communicate, interact, and move. Many works
attempted to measure SO with order. However in our study, interestingly order is
not the only possible indication of SO, flexibility can be the other indication. Cavagna
et. al. suggested that order might not be a good measure as it can be from both a
centralized or a decentralized system. Furthermore, it is not trivial to measure order
and determine if it arises from one of these two types of system. Therefore, the group
proposed to use collective response (a.k.a flexibility)—i.e. which is also a feature of
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swarming systems—as an indication of SO as it is a trademark of self-organized order
as opposed to a centralized one. This was further explained in Chapter 2.

Now we have considered flexibility as a possible indication of the collective response
of a self-organizing system, which can describe the SI of the system. Therefore we
proposed the use of flexibility as a way to quantify SI. Flexibility is the system’s ability
to adapt to a change or unknown in the environment. For a system to be evaluated on
its SI (or flexibility), it requires an environment that is challenging such that SI can be
probed. Therefore, besides having a set of metrics to measure SI, we have proposed
a benchmark framework that provides a range of environment (of the same problem)
that increases in difficulty to evaluate the systems’ SI ability.

The design of the environment is important as the same system can display different
levels of SI in different environment. Our benchmark framework, in Chapter 5, re-
volves around the problem of Collective Mapping. In which, the difficulty of the envi-
ronment can be adjusted with two environmental variables—i.e. workload distribution
and the iteration at which change is injected. As we subject the various SI strategies to
the different environments, we have observed that the different strategies adapt better
in one environment than the other. The operational performance is captured with the
Map Similarity Index (MSI) and the Swarm Intelligence Index (SII) is deduced from
MSIL

The concept of exploration and exploitation is also introduced in this work, to facili-
tate the understanding of the flexibility and adaptability of the systems. However, this
concept stretches beyond the recovery of a system, it allow us to understand how the
systems behave initially when the environment is unknown, how the systems recover
from an environmental change, and how the systems detect and exploit the change.
This provides an explanation and understanding of a system recovering well but not
necessarily perform well overall—e.g. a strategy with high exploration might detect a
change earlier, but might not have enough exploitative actions to gather the cells from
the pillars quickly. In our KNN-R and PSO adaptive repulsion strategies, the tunable k&
nearest neighbor communication network control the information propagation within
the system. This value of k indirectly controls the level of exploration-exploitation of
the system, for example a lower k£ would suggest a high exploration and low exploita-
tion, and a higher k¥ would suggest a low exploration and high exploitation. In our
work, these k values are fixed and does not change through the course of the opera-
tion. However in our study, we reckon that a tunable k—i.e. exploration-exploitation
balance—should be change in order to maximize the overall performance of the sys-
tem. From this work, it is evident that a fix value k—i.e. a fix exploration-exploitation
balance—will not yield the overall optimal results. As the environment and the state of
the system evolves, the optimal exploration-exploitation balance tend to change. The
next possible extension to our work can be the development of a strategy with an adap-
tive exploration-exploitation balance.

In Chapter 6, the transferability of SI (from benchmark framework results) is evaluated
qualitatively. It is important to consider transferability of the benchmark framework,
as the SI performance is often study within an environment, so that even if Sl is applied
to a different problem the findings and trends will remain largely true. If the results are
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constrained within the benchmark framework, then it will render the benchmark as
ineffective. We have evaluated PSO adaptive repulsion on both problems of Collective
Mapping and Multiple tracking fast targets. It is observed that in both problems, de-
spite the various environmental settings, there exists an optimal £ that gives the best
overall performance. As the environment becomes more challenging, both the optimal
k and the overall performance of the system is reduced. This suggests that when a
system is in a more challenging environment, a more exploratory strategy—i.e. lower
k—is preferred, while in a less challenging environment, a more exploitative strategy—
i.e. higher k—is preferred.

We have proposed a way to represent the transferability of SI via a system character-
istic surface plot similar to a typical system characteristic curve, illustrated in fig. 6.4
showing a surface graph of Settledness vs. Workload distribution vs. k. ’Settledness’ is
a measure of the system’s activity before the environmental change is introduced, and
determine if the system is in a steady sate or if it is still active performing its task.
This is a more practical generic quantity than a direct measure of the signal of the dy-
namic change in the environment to describe the dynamic element in the environment.
Since ’settledness’ is a system quantity, it is a practical approach for future machine
learning or reinforcement learning application, rather than measuring the "dynamic-
ity” of the environment from the system’s perspective which can be almost impossible.
"Workload distribution” is used specifically in our benchmark framework to describe
the challenging environment, and how challenging it is can include features beyond
workload distribution. For example in the problem of multiple tracking fast targets,
the factors contributing to a challenging environment are number of targets, target
size, target speed. In future, we can incorporate all these factors to determine how
challenging is the environment to the system. This is important as we have seen that
by changing the level of difficulty of the environment, the system needs to adapt and
prefer a different £ connection value. Although 'k’ is specific to strategies like KNN-
R and PSO adaptive repulsion, it represents the exploration-exploitation balance of the
system. If other tunable strategies that balances their exploration-exploitation via other
parameters, it can replace k.

In future, the idea is to put the system through various environment of different chal-
lenges and to log the system settledness when the change occurs, and the optimal exploration-
exploitation balance. This system characteristic map, built with a specific problem, can
then be used to predict the optimal exploration-exploitation balance for the system to
be effective in the environment presented to it, based on the settledness of the system
and the level of difficulty of the environment. However, SI is extremely sensitive to the
differences in the operating environment, therefore it will not be trivial to relate the
settledness and the difficulty level of a different problem to a baseline problem. One ap-
proach could be to determine the range of difficulty levels of the new problem, then
map it onto the system characteristic surface plot. Then there will be a reference to de-
termine how the difficulty levels in problem A relates to the difficulty levels in problem
B.

This compliments the possibility of applying reinforcement learning to tune the exploration-
exploitation balance of a system. The system could start off its operation with system
characteristic map from our benchmark framework. As it performs its operation, it
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can update and refine this system characteristic map on-the-go to better suit its oper-
ational environment. At the same time, it can use this map to continuously shift its
exploration-exploitation balance in attempt to achieve a higher performance.

In conclusion, this thesis has addressed the main and sub-research questions. Through-
out this thesis, we have contributed to (C1) Quantification of Swarm Intelligence, (C2)
Application of Swarm Intelligence in multi-robot collective mapping problem, (C3)
Benchmark framework to compare and analyze flexibility of swarming systems, and
(C4) Qualitative study on the transferability of Swarm Intelligence.
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