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Abstract 

Swarm Intelligence (SI) is a young field of study from which solutions to 

complex problems have been proposed based on how some natural organisms 

(e.g. ants, bees and others) achieve many of their daily tasks through simple sets 

of interactions. This thesis proposes two models for area exploration and 

coverage based on SI principles. These two models present a novel approach 

based on the combination of: ants’ pheromones, in order to keep track of visited 

places; and bird flocks or fish schooling, so as to move and collaborate. An 

implementation of both models was done in order to simulate and evaluate both 

the emergent behavior of the agents as well as their area exploration and 

coverage performance. Based on the outcome of the simulations it is concluded 

that both models are able to perform the exploration and coverage task and that 

one model is better than the other.  

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To my grandfather, seed of my interest in the field – and other good aspects of life. 

To my grandmother, base of my family’s principles of interaction. 
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1 Introduction 

This section describes the main argument of the paper as well as the motivations behind it. It also 

describes the research aim, the approach taken (methodology) and the inner structure of the paper. 

1.1 Problem Overview 

The general outline of the problem addressed in this research can simply be put as follows: a Swarm 

Intelligence (SI) approach for cleaning the floor of an area.  

Thinking over the problem, by placing yourself in the position of someone who wants to clean a floor, 

you might agree that you would either collect and organize the things lying over the floor or sweep it. 

The former leads to a possible ‘collect and dispose’ kind of problem whereas the latter to an area 

exploration and coverage kind. Even if gathering stuff or sweeping a floor are trivial – although maybe 

tiring – human tasks, the strategies used by us to accomplish them are not easily translated into 

computer programs. To collect things you should be capable of recognizing whatever it is that you would 

like to collect and, in order to dispose them, you should be able to carry them as well as to know where 

to put them and how to organize them. Moreover, in order to sweep a floor you should at least be able 

to remember where you have been or otherwise you might end up doing an endless job sweeping the 

same places over and over.  

The collect and dispose kind of problem has been addressed, based only on SI principles, by several 

researchers (Dorigo, et al., 1996; Schmickl & Crailsheim, 2007; Deneubourg, et al., 1991; Payton, et al., 

2001). The area exploration and coverage kind, on the other hand, by not so many (Steels, 1990; 

Svennebring & Koenig, 2004). 

This thesis engages the area exploration and coverage (sweeping) problem. Exploration, under the 

context of this research, refers to reaching new areas (e.g. different rooms in a house) whereas coverage 

regards visiting or passing over every reachable place of an area. For simplicity purposes, executing both 

activities – exploration and coverage – will be regarded as area-coverage. 

1.2 Motivation 

Swarm Intelligence is a young field of study that has brought simple and novel approaches to diverse 

and complex problems such as: clustering (Deneubourg, et al., 1991; Lumer & Faieta, 1994), shortest-

path optimization (Dorigo, et al., 1996), scheduling (Merkle, et al., 2002), simulations (Reynolds, 1987), 

among others. The reach of its principles is yet to be tested and the area exploration and coverage 

problem places an opportunity to do so. The design of a new SI approach will help extend the existing 

knowledge base and will hopefully create new foundations for future researches. 

It is also a personal belief of the researcher that Swarm Intelligence, as a field, has much to contribute to 

the understanding – thus creation and management – of complex systems. 
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A swarm-based (SI-based) approach or solution could be defined as: one that uses a collection of agents 

(individuals) to which has deliberately been given a set of simple rules of interaction (with one another 

as well as with their environment), and whose resulting emergent collective behavior has an unintended 

complexity.  

Additionally, a swarm-based solution is one that represents the following advantages:  

 Robustness, for there is no central controller thus no single point of failure. 

 Scalability, for individuals can be removed or added to the system without the need of making 

changes to it. 

 Self-organization, for the overall behavior is a product of rules of interaction which are owned 

by the individuals. 

 Simplicity, for the emergent complex behavior of the system can be achieved with a very small 

and simple set of rules. 

 Low computational cost, which is a side effect of the latter. 

 Redundancy, for individuals are prone to repeat the task that others have done hence reducing 

error margins. 

Solutions covering these attributes without any additional strategies will be regarded as pure or strictly 

swarm-based. The purpose of this thesis is to pose a novel solution to the area-coverage problem that 

exploits the benefits of a pure swarm-based approach. 

1.3 Main Argument 

Through the development of an alternative swarm-based approach to the area-coverage problem it 

is possible to bring a further insight into the design and evaluation process of swarm-based solutions. 

Additionally, an alternative solution to the area-coverage problem could mean a new potential player in 

a feasibility and efficiency area-coverage contest where only a single other pure swarm-based solution is 

taking part of. Such a new player could represent a poor or a capable contestant. In either case, its 

attributes can be used as future references for developing or improving other area-coverage strategies. 

Throughout this research, only one other work was found to have proposed a pure swarm-based 

solution to the area-coverage problem: the one by Svennebring & Koenig (2004). 

Svennebring & Koenig (2004) brought forward the idea of agents using pheromones (traces) so as to 

mark already visited places. The key strategy here is that agents will strive towards unexplored places by 

moving away pheromones. Interaction between agents only takes place indirectly through pheromones.  

This thesis proposes the following key point: 

Adding direct interaction between agents can further enhance the area-coverage performance of a 

swarm. Through the usage of a ‘confidence’ attribute an agent can let others know whether its 

position is close to an unexplored area or not. Pheromones in this case would be used by agents to 

build up confidence. Those agents with fewer confidence can then chose to move towards those 

with higher confidence in order to reach unexplored places. 
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The research argument of this paper can be translated in the following two questions:  

1. Can an alternative pure swarm-based approach to the existing ones be developed in order to 

explore and extensively cover an area? 

2. If so, how would the solution look like and what would be the reasoning behind it?  

The use of the word ‘extensively’ in the first question has the intention of leaving open the possibility of 

not achieving a 100% area coverage. For the purposes of this paper, a coverage percentage of 98 and 

above will be regarded as acceptable. 

We answer the second question through the development of two swarm-based models for area-

coverage are proposed: the Vibrating Particles model and the Confidence model. These two models 

present a novel approach that combines ants’ pheromones with bird flocks’ principles of interaction. 

The first model is the result of the first ideas and experimentations whereas the second is a change of 

strategy based on a better understanding of both the problem and other SI approaches. 

This is a master’s level research in Information Systems and, therefore, does not regard robotics as a 

base for feasibility constrains. Nevertheless, logical models and algorithms of previous researches in the 

robotics field have been taken into account. This is stated because most of the relevant researches for 

area exploration and coverage are found in robotics and may confuse the reader’s expectations. 

1.4 Research Methodology 

This research engaged in the following: a literature research, a systems design and creation and 

data analysis.  

According to Briony Oates (2006), a literature research can have two aims: finding a research topic and 

to “present evidence to support your claim”. The research topic of this paper was the result of the 

researcher’s interest in SI and the orientation given by professor Else Nygren. The literature research in 

this case has the aim to create a knowledge base for a better understanding of the research described in 

this paper, as well as to support the reasoning behind the proposed models. The literature research is 

presented in the Background section of this paper as well as in the Research section. 

Design and creation research, on the other hand, can play three general roles (Oates, 2006): to be the 

main focus of the research, to be a support vehicle of a broader goal or to create a tangible product with 

the main focus on the development process. The approach used was that of a support vehicle. During 

this research development, a simulation tool was designed and developed in order to experiment, test 

and evaluate the proposed models.  

The simulation tool was also used in the process of generating data. The performances of the different 

versions of the models were tested through the simulation tool. Groups of trials took place and the 

performance data of each trial was gathered for analysis. A quantitative analysis of the gathered data 

was made in the form of comparison graphs and tables of the different versions and models. 
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Furthermore, with the use of the simulation tool, the emergent behaviors of the different versions of 

the models were evaluated. This enabled a qualitative analysis of the different behaviors that resulted 

from the trials of the different versions of the models. The qualitative analysis played key role in the 

reasoning behind the evolution of the models. 

1.5 Paper Structure 

In this subsection the structure and organization of the paper are described. This paper has been 

divided in 6 main sections and they are described in the following lines. 

Section 2 regards a Background description of SI and works that addressed the area-coverage problem. 

The theory of Swarm Intelligence is described based on its principles and roots. This will help create a 

proper knowledge base that will serve us to understand better the reasoning behind the area-coverage 

models that resulted from this research and, hopefully, add some relevance to it. Works that have 

tackled the area-coverage problem are also described here in the Area-coverage and robotics 

subsection.  

Section 3 regards The Research per se. This section is divided in 4 and is organized as follows:  

1. First step: orientation: explanation on how the area-coverage problem was addressed at the 

beginning. 

2. Simulation features and The Vibrating Particles Model: explanation of the simulation program 

features along with the reasoning and the specifications of the Vibrating Particles Model. The 

model is also put to the test and three groups of trials, with different configurations each, are 

described and compared. 

3. Change of strategy: The Confidence Model: explanation of a different approach taken to the 

area-coverage problem based on many of the features used in the previous model. Another 

three groups of trials also took place and their results are also described and compared in this 

subsection.  

4. Extra simulation features: description of other features that were implemented and tested. 

Section 4 regards the Discussion. Results from the models’ trials are evaluated and discussed. 

Section 5 regards the Conclusions and further work. This section gives an overall summary of this paper 

based on the arguments placed in this introductory section and the contributions of the research 

described in this paper. Moreover, further related work is posed.  

Section 6 regards the Works Cited in this paper. 
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2 Background 

The current section describes the theory of Swarm Intelligence and the works done on area-

coverage.  

2.1 About Swarm Intelligence 

Many papers in the field (Hinchey, et al., 2007; Martinoli, 2001) agree that the term “Swarm 

Intelligence” was coined by Gerardo Beni and Jing Wang in a robotics and biological systems workshop 

in 1989, under the definition of: “systems of non-intelligent robots exhibiting collectively intelligent 

behaviour evident in the ability to unpredictably produce ‘specific’ ([i.e.] not in a statistical sense) 

ordered patterns of matter in the external environment” (Beni & Wang, 1989). This is merely informative 

since its concept is now a lot broader and floods over more than one field of study. 

Swarm Intelligence is now defined in a more general sense as “a structured collection of interacting 

organisms (or agents)” (Engelbrecht, 2007). SI can be seen in nature in the form of ant colonies, bird 

flocks, fish schools, bees, termites and other communities. Kennedy and Eberhart extended the reach of 

this concept by releasing it from physical boundaries, stating that swarms “might occur in a high-

dimensional cognitive space, where collision is not a concern” (2001). These swarms are composed of 

several organisms – or agents, which are their robotic or computer analogous – and it is from their 

interaction with one another as well as with their environment that intelligence emerges. Citing 

Engelbrecht: “[The] global behavior of a swarm… emerges in a nonlinear manner from the behavior of 

the individuals” (Engelbrecht, 2007). Emergence as we can see is a down-top effect that goes from the 

individuals to swarm. Opposite to emergence we encounter another concept called immergence, which 

is a top-down phenomenon where the swarm state has an influence on the individuals’ behavior 

(Kennedy & Eberhart C, 2001). Both emergence and immergence go hand in hand with the meaning of 

SI. 

An example of SI is the behavior of some ants when collecting food. Ants are capable of finding the 

shortest path from the nest to a food source by leaving a trace of pheromones and by effectively 

distributing the labor. Pheromones are chemicals that possess a kind of odor that can be detected by 

other ants. The level of pheromones tells an ant whether to take one path or another: the more 

pheromones, the more ants that have gone through that path, the more food there is and the shortest 

way there is to get there. This sounds like a well-planned strategy but this is a decentralized system with 

no master mind behind it. Similar principles are also used by ants to perform all other colonial tasks such 

as disposing of dead bodies, nest building among others.  

Another example is that of animal aggregations such as bird flocks, fish schools and herds, which move 

around together as one. They seem to accomplish this based on a very simple rule: stay close but not 

too close. The emergent choreography does not have a director either. This and the previous example 

are over-simplifications of the logic behind these collective behaviors but they illustrate that a very 
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simple set of rules with no leadership can cause a complex1 behavior. We will later see a more in-depth 

description of models that have been created based on such behaviors.  

As stated before, SI floods over more than one field and regards an interdisciplinary area of study that 

falls within fields such as biology, social sciences and computer science, covering studies including, but 

not limited to: social behavior in animal aggregations; human behavior and psychology; cellular 

automatas (CA), robotics, agent-based modeling,  simulations and decision support systems (DSS). 

Depending on where you stand, the history of SI has a different beginning. 

2.1.1 Within Biology 

In the book Computational Intelligence, Engelbrecht acknowledges Eugene Marais, a South African 

poet, as one “who produced some of the first and most significant contributions” to the SI through his 

books: The Soul of the White Ant (Marais, 1970) and The Soul of the Ape (Marais, 1973). In the former, 

Marais explains the social behavior of African termites and how they collaborate with each other in 

order to accomplish many of their live tasks. Furthermore, the author describes how termites are able to 

communicate with each other through scent, a process of indirect communication that was later named 

as stigmergy by P.P. Grassé, a French zoologist in 1982. This is an important concept that is often 

encountered in SI researches, hence in this one. 

The previous two books, although being significant, were certainly not the firsts to contribute to the 

field since the oldest paper related to SI found in this research was written in 1927 by Albert E. Parr, a 

Norwegian zoologist and oceanographer, in which he explained schooling of the pelagic fish. There, Parr 

explained that “aggregations and maneuverings of individual fishes in schools may probably be 

explained as a very simple set of purely automatic reactions” (Parr, 1931). Charles M. Breder Jr. would 

later use Parr’s works as well as others’ as a base to formulate a mathematical equation that would 

represent that kind of behavior (1954). 

Two other important works are: On Human Nature (Wilson, 1978), which dwells over emergence on the 

verge in between biology, sociology and philosophy; and The Ants (Hölldobler & Wilson, 1990) which 

thoroughly explains how ants do many of the things they do. The latter became a foundation stone to 

another work that might be considered a milestone in SI: Swarm Intelligence: From Natural to Artificial 

Systems (Bonabeau, et al., 1999). 

There are many other works in Biology (Guerona, et al., 1996; Deneubourg & Goss, 1989; Parrish & 

Hamner, 1997) that have allowed us to comprehend collective behavior in nature but we will not dig 

strictly into the biological researches since much of the needed information from this field has already 

been summarized in papers from the computer science field.  

                                                           
1 The term complex (or complexity) is used in two ways in the context of this paper: the first, as given by the 
Cambridge online dictionary, regards to “the state of having many parts and being difficult to understand” and this 
is the sort of complexity that is referred to in the argument given in the introduction section of this paper; The 
second regards the variety of possible states a system can have without losing its identity (Ventocilla, 2013), and 
this is the one associated to the emergent complexity of systems such as the spoken at this point. 
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2.1.2 Within Sociology 

Kennedy and Eberhart C. (2001) connect Swarm Intelligence to humans through Social Psychology. 

Social psychology is defined as “the scientific investigation of how the thoughts, feelings and behaviors 

of individuals are influenced by the actual or implied prescens of others” (Allport, 1954). There are 

several works on social psychology (Triplet, 1898; Lewin, 1935; Lewin, 1936; Lewin, 1938; Sherif, 1936; 

Bandura, 1965; Levine, et al., 1993; Asch, 1956) where it has been argued, and in many cases 

demonstrated, that individuals’ behavior is influenced by others and, more interestingly, that thinking is 

mostly a social activity. 

Triplet’s work (1898) is regarded by Allport (1954) as the first work on social psychology – thought not 

shared by everyone (Stroebe, 2012) – in which Triplet’s social facilitation experiment demonstrated that 

cyclists tended to rid faster in presence of others. If Triplet’s work can be regarded as an official 

contribution to SI, then this would be the first work on the field. 

Learning and motivation are good examples of how social interaction plays a role in humans’ behavior. 

Under the behaviorist paradigm of psychology it is thought that learning is mainly achieved through 

reinforcement and conditioning: if you do something well you get a reward, hence you would do it again 

– operant conditioning; if there is food when the bell rings, then next time the bell rings the dog starts 

salivating (Pavlov, 1927) – classical conditioning. Under a more recent paradigm (cognitive psychology) it 

has been proven that people can learn just by observing without conditioning or reinforcement e.g. a 

child can do something for the first time by mimicking something he or she has seen. This way of 

learning – or influencing someone else’s behavior – was called by Albert Bandura (1965) as vicarious 

reinforcement (or modeling) and it is also seen as a motivational aspect in organizational books such as 

Organizational Behavior (Robbins & Judge, 2008), under the statement that a person can become more 

confident of doing something if they have seen someone else do it. Moreover, in his Self-Efficacy theory 

(1997), Bandura proposed another motivational process called verbal persuasion, where a person can 

build someone else’s confidence by convincing him or her of having the proper skills. This process recalls 

the Pygmalion effect, a concept which describes how “an individual’s behavior is determined by others’ 

expectations” (Robbins & Judge, 2008). There are many other theories on motivation that involve social 

interaction – Needs theory (McClelland, 1961), Expectancy theory (Vroom, 1964), Equity theory (Adams, 

1965), among others – but going through them would be unnecessary for the purposes of this paper.  

Moving on we find that decision making is yet another human process influenced by social interaction. 

An important related work cited by Kennedy and Eberhart (2001) is that of Robert Axelrod (1984): The 

Evolution of Cooperation. There, Axelrod proposes the prisoners’ dilemma, a game of two players in 

which each of them have two options: to cooperate or compete. The catch of the game exists in the 

outcome each player can achieve: if both cooperate both get a high reward, if both compete then both 

get a low payoff and, finally, if one competes while the other cooperates then the first gets an even 

higher reward whereas the latter a very low one. In Axelrod’s own words: “… there is no best strategy to 

use. What is best depends in part on what the other player is likely to be doing. Further, what the other is 

likely to be doing may well depend on what the player expects you to do” (1984). 
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Further on into sociology we find culture. If an individual can be seen as an agent then maybe culture 

can be seen as the emergent behavior of their interaction with one another i.e. the emergent behavior 

of society. Kennedy and Eberhart (2001) dedicated a section to this subject and, in it, they made 

reference to the work of the anthropologist Ruth Benedict (1934), work where the author highlights the 

importance of regarding the individual and society as two aspects of a single process, in other words, 

“culture cannot be thought of as an entity separate from the individuals” and individuals cannot be 

thought of as separate entities from culture (Kennedy & Eberhart C, 2001) – emergence and 

immergence?. 

What is important here is to know that social interaction plays an important role when it comes to 

understanding collective behavior – so important that social-cognition has emerged as a branch of 

psychology that “considers social interaction to be the paramount site for the development and practice 

of cognition” (Levine, et al., 1993). 

Finally but from a more philosophical perspective, in the book On Human Nature, Edward Wilson dwells 

over the meaning emergence. He does it around a question about humans’ free will, destiny and 

purpose: “if our genes are inherited and our environment is a train of physical events set in motion 

before we were born, how can there be a truly independent agent within the brain?” (Wilson, 1978). 

This question is confronted based on the thought that true randomness does not exist but only in our 

minds and that the complexity of a situation emerges from a chain of events that just escapes our ability 

of understanding.  

2.1.3 Within Computer Science 

Although not strictly a computer science contribution at the time (1948) – for it happened in a 

cognitive science symposium and from a mathematician’s perspective –, the oldest SI related work 

found was that of John Von Neumann on the theory of Self-reproducing Automata. Neumann’s theory 

states that “organisms can be viewed as made up of parts which to a certain extent are independent, 

elementary units” and that, by regarding this parts as “black boxes” with an inner structure that needs 

not to be disclosed, we can try to understand “how this elements are organized into a whole, and how 

the functioning of the whole is expressed in terms of these elements” (Taub, 1961). Through these 

principles he looked for an answer to the following question: “what kind of logical organization is 

sufficient for an automaton to control itself in such a manner that it reproduces itself?” (Burks, 1970). 

The answer he found was a system “based on a two-dimensional cellular space of square cells in which 

each cell has as neighbors the four cells with which it shares boundaries” and where “each cell is capable 

of 29 different states” which in turn are defined by a transition function that applies equally to every cell 

(Burks, 1970). These are the foundations of Cellular Automata. 

Neumann’s theory was the base for Conway’s own cellular automata: the Game of Life. It was created by 

John Conway as a recreational mathematical game and it was first published by Martin Gardner in 1970, 

under the classification of a “simulation game” which, as described by him, relate to those games that 

resemble real-life processes. The game is based on a 2 dimensional grid where each cell can have two 

states: either black (populated) or white (unpopulated). The rules, as described by Edwin Martin (1999), 

are the following: 
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“For a space that is 'populated': 

 Each cell with one or no neighbors dies, as if by loneliness. 

 Each cell with four or more neighbors dies, as if by overpopulation. 

 Each cell with two or three neighbors survives. 

For a space that is 'empty' or 'unpopulated' 

 Each cell with three neighbors becomes populated.” 

 

Figure 1 
Screenshoot of the Game of Life. Shape called the 
“Gosper Glider Gun”, capable of producing other 
shapes that “glide” out the screen. 

These rules are applied to all the cells in the grid throughout iterations. Gardner (1970) suggested to 

“have a fairly large checkerboard and a plentiful supply of flat counters of two colors” in order to play it. 

Nowadays the game exists as a computer program and playing it is just a matter of: setting the initial 

state, click “start” and let it run. By playing this game one can realize the level of complexity that can be 

achieved with a very simple set of rules. 

The term cellular automata (CA) was coined by Arthur Burks (1970) and, in overall, refers an array of 

cells where each of them has a state from a given set of states. Changing from one state to another is 

determined by the old states of a cell and those of its neighbors. The update rule is the same to all cells 

and the updating process is done simultaneously to all cells as well (Kari, 2012). 

Next in the chronological order is the work of Craig Reynolds (1987) where he presents “a model of 

polarized, non-colliding aggregate motion, such as that of flocks” based on “simulating the behavior of 

each bird independently”. There he lays down the following rules for simulating bird flocks:  

1. “Collision avoidance: avoid collision with nearby flockmates. 

2. Velocity matching: attempt to match velocity with nearby flockmates. 

3. Flock centering: attempt to stay close to nearby flockmates.” (Reynolds, 1987) 

Two years after, on a different field, takes place the Advance Workshop on Robots and Biological 

Systems where the term Swarm Intelligence was coined (Beni & Wang, 1989), as seen previously. 

Later in 1990 Chris Langton writes an article headed Computation at the Edge of Chaos. In this article the 

author writes about the capabilities that physical systems may have for transmitting, storing and 

modifying information, and he does this using CAs as an example. Langton concluded that CAs of a 

certain type are capable of handling those 3 processes during transitions from one state to another and, 

therefore, are capable of handling computation. 



Background 

14 | P a g e  
 

In 1996 was published the Ant Colony Optimization algorithm (Dorigo, et al., 1996), which is an agent-

based approach to solving optimization problems such as the Traveling Salesmen. This algorithm and 5 

other agent-based problem solving systems were later compiled in one place: Swarm Intelligence: From 

Natural to Artificial Systems (Bonabeau, et al., 1999). 

Two years later, in 2001, came the book Swarm Intelligence (Kennedy & Eberhart C, 2001) where the 

authors explained what SI is all about, citing and linking most of the related and relevant work to the 

date, mainly from the fields of biology, sociology and computer science. In this book they also present 

the Particle Swarm Optimization (PSO) algorithm. The PSO is “a global optimization algorithm for dealing 

with problems in which a point or surface in an n-dimensional space best represents a solution” 

(Hinchey, et al., 2007) and it is based on the social behavior of bird flocks. Agents in this case are 

represented by particles. In short, in order to find the solution, each particle is able remember the best 

place it has been and its next movement will be determined not only by it, but also by the particle with 

the best position in its neighborhood.  

Finally, the last work to be mentioned in this section is Stephen Wolfram’s book “A new Kind of Science” 

(2002). This is a book that describes an extensive work on CAs. In it, the reader can find several 

experiments on different types of CAs as well as conclusions drawn by the author. Among many 

observations, the author states that “having more complicated underlying rules has not, it seems, led to 

much greater complexity in overall behavior… it seems that all the essential ingredients needed to 

produce even the most complex behavior already exist in the elementary rule” (Wolfram, 2002). 

The works described in this section falls within the scope of computer science and, up until now, SI has 

been vaguely placed within it. Engelbrecht (2007) as well as Kennedy and Eberhart (2001) placed SI – 

along with Evolutionary Computing, Artificial Neural Network and Fuzzy Systems – within a single line of 

study called Computational Intelligence. However, Engelbrecht regards computational intelligence as a 

sub-category of Artificial intelligence whereas Kennedy and Eberhart placed both at the same level and, 

moreover, disassociate one from another. We will skip the reasoning behind it but, if interested, a better 

understanding of their resolution may be found in a paper called “Elephants Don’t Play Chess” by 

Rodney A. Brooks (1990). 

This theoretical section can be a bit too extensive but it has several purposes: to create a good 

knowledge base to better understand the work done in this research; to hopefully add relevance to the 

results and conclusions of this research; to capture the interest of the reader into the SI field; and help 

and encourage some readers to do some further work. It is important to know that the works cited here 

were selected because of their relevance given their contribution to the field as well as to this research. 

2.2 About Area-coverage 

Up until now we haven’t gone through any previous work done on area-coverage. As mentioned 

before, most of the work done in this area is found in the field of robotics. Research of this kind is 

usually targeted to the following applications: terrain acquisition, which is basically creating a map of an 

unknown area; robot navigation from one point to another, which might involve terrain acquisition; 

surface inspection e.g. mines sweeping; cleaning or lawn mowing, among others. We will go through 
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some the approaches that have been used in robotics to solve the area-coverage problem in order to be 

able to create a contrast with the research at hand. 

2.2.1 Random Path-planning 

Random path-planning is strategy mostly used by commercial robots (Palacín, et al., 2005). Palleja 

et al (2010) made a research on many of the commercial robots existing at the time and they 

summarized their area-coverage strategy as follows: “RC 3000 use a fully random path-planning control 

algorithm from the very beginning. Trilobite follows the perimeter of the room until some difficult path 

or the end of the perimeter is found and then changes to random path-planning. Roomba performs an 

spiral cleaning at the beginning that is very useful if the robot is placed in the center of an empty room 

but after collision the control algorithm performs some wall following and random path-planning 

exploration before repeating the spiral cleaning”. These commercial robots disregard the need of 

creating a map of the area thus reducing the need of what may be complex mapping algorithms and 

therefore the need for memory and computational capabilities. To an extent, these strategies leave 

area-coverage to chance. 

2.2.2 Boustrophedon Motion 

More into the academic world we find an approach based on the Boustrophedon2 motion. There 

are several strategies that resemble such a motion but it might be easier to illustrate it through an 

example.  

Lumelsky et al. (1990) wrote a paper in which they proposed two models for two different – but 

somewhat similar – tasks. In the first task the main goal of the robot is to acquire map of a given area 

whereas, in the second task, “the robot is required to physically pass through or near every reachable 

area” (Lumelsky & Mukhopadhyay, 1990) thus terrain acquisition becomes a side effect.  The latter task 

is the one of our interest and to solve it they proposed the Model (b). In this model the area to be 

covered is divided “into a number of strips of equal width by a set of lines parallel” (Lumelsky & 

Mukhopadhyay, 1990) and for that cardinal points are to be taken into account (north, south, east and 

west). Because of the way the area has been divided the overall area of exploration resembles a 

rectangle. The robot’s starting point is the south-west corner and its goal-position will be the north-east 

corner. The robot’s path will be given by the perimeters of the strips by which the area has been 

divided, as in a Boustrophedon motion, until it reaches the goal-position. Obstacles can be found along 

the way and the robot is capable of “seeing” them so as to plot them into a map of the area. Depending 

on the complexity of an obstacle the robot will just pass by its side or will go around it. This is of course 

an over-simplification of the model but hopefully gives an idea of the approach.  

There are other similar works that have proposed strategies that resemble the Boustrophedon motion 

for space coverage and mapping obstacles. Some examples are: a strategy presented by Acar and Choset 

(2001) where they added the use of the critical points of a function in order to decompose the space 

into cells; another strategy given by Hert et al. (1996) for  3D terrain-coverage using an AUV (Autonomus 

                                                           
2 Boustrophedon is a greek word that regards to the back and forth movement resembled by oxen when they are 
used to plow the field. This concept is mostly used to refer to the way ancient greek manuscripts were written. 
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Underwater Vehicle); Viet et al. (2012) as well as Ntawumenyikizaba et al (2012) presented strategies 

that added the A* search algorithm to improve the coverage; Oh, et al (2003), on the other hand, 

proposed the use of triangles instead of rectangular cells to decompose the workspace. There are plenty 

of other works with a similar approach to the ones mentioned but, then again, going through them 

would be unnecessary for the purposes of this paper. 

2.2.3 Collaborative Robots 

Some other works have proposed the use of multiple robots (or agents for that matter) in order to 

improve the performance in covering an area. The use of multiple robots, as seen in some papers (Min & 

Yin, 1998; Thrun, 2001; Burgard & Schneider, 2002; Cioarga, et al., 2008), brings a new challenge into 

the scene: sharing information. Many researchers that have faced this challenge have looked into 

optimizing the way robots should analyze and share mapping information with one another so as for 

each robot to decide what to do. The problem, in other words, lies on how to divide the task of covering 

an area the best possible way. This approach is regarded a logic-based approach, which means that each 

robot has a need for certain computational capabilities (Steels, 1990) so as to: build up a progressive 

representation of the environment by sensing and reasoning, communicate with other robots, analyze 

information and take decisions. Logic-based approaches tend to be expensive in terms of computational 

needs. 

2.2.4 Collaborative Robots and SI 

In this subsection some of the works that have used SI principles to approach the area-coverage 

problem are described. Here the argument of this paper is substantiated. 

As a counter part to the logic-based approach we find the behavior-based. According to Steels (1990) a 

behavior-based approach explores “how functionality can emerge based on self-organization” which, at 

the same time, refers to how “a so-called dissipative structure spontaneously emerges out of the 

interaction of the behavior of many elements”. Furthermore, “the required functionality does not get 

established by explicit design but that it emerges as a side effect of (i) the internal dynamics and/or (ii) 

the (dynamical) interaction with the environment” (Steels, 1990). The previous sounds like an explicit 

description of SI principles.  

Steels wrote a paper on planet exploration and sample collection using robots (1990), and he argued 

that a logic-based approach was not feasible for such a task to be accomplished and therefore proposed 

to tackle the problem using a behavior-based strategy. As described in his paper, each robot is basically 

governed by the following rules:  

1. “Choose randomly a direction to move. 

2. Move in that direction. 

3. If I sense a sample and am not carrying one. I pick it up. 

4. If I sense the vehicle platform and am carrying a sample. I drop it. 

5. If I sense an obstacle in front. I make a random turn.” (Steels, 1990). 
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These rules a later complemented with others so as to (1) delimit the exploration area of the robots and 

(2) for them to collaborate when finding samples. The latter is based on the ant foraging principles 

where robots leave pheromones in the form of “crumbs” so that others will know where samples have 

been found.  

The scope of the problem addressed by Steels is bigger than the one tackled by this paper. You could say 

that the problem approached by Steels is a combination of both area-coverage and ‘collect and dispose’. 

The area-coverage side is, however, not considered as swarm-based. Agents here perform coverage only 

based in random movements and no interaction between them takes place.  

The only work regarded as purely swarm-based in this paper is that of Svennebring and Koenig (2004). 

The solution proposed by them is one in which agents (or in their case, robots) leave a trace (like 

pheromones) so as to tell others, and themselves, which places have been visited. Agents then use 

theses traces so as to move away from them and reach unexplored places. Agents, as in Steel’s 

approach, only communicate indirectly with one another thorugh the use of traces. This solution quite 

similar to the one proposed in this paper as later shown. An issue in this case however seems to be that 

agents, in some environments, tend to get stuck. 

Other works have also used SI principles but they can be thought as hibrids for they combine these 

principles with other strategies.  

Wagner et al. (2008), for example, proposed a strategy that resembles a kind of CA (the mobile 

automata), where the area to be explored is divided into a grid and where the cells’ statuses are 

updated and used by the robots in order to coordinate and move. The coordination and movement rules 

of the agents are, however, not easily described in a few lines as in the cases of Conway’s, Steels’s, 

Reynold’s or others. 

Dasgupa et al. (2009), on the other hand, based their strategy on the Reynold’s flocking model so as to 

divide the robots into teams and explore the area “in a distributed manner”. As a part of the strategy, 

the team membership of an individual can be dynamically changed in order to adapt to the constraints 

of the environment. Teams in this case count with some sort of coordinators. 

A final example is the work of Wang et al (2011). Their strategy uses principles of the PSO to balance the 

exploration of nearby subareas and to disperse the robots in order to avoid redundancy coverage. Once 

a robot has separated from the others and has entered a new area it enters an “exploration mode” and 

engages into a solo strategy. 

Here concludes the theoretical part of the paper and what follows is the Research section. 
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3 Research 

This section explains the design and reasoning behind the Vibrating Particles Model and the 

Confidence Model along with the features of the simulation program. Furthermore, with the help of the 

simulation program, versions of the two models are tested and their results evaluated. Finally, extra 

simulation features of the tool are described. 

The research questions as defined in the introduction section of this paper are vague and thus allow 

more than one interpretation of the problem to take place. Based on the previous, the scope of the 

problem will be better defined. 

3.1 Problem Definition 

The following is a more thorough definition of the area-coverage problem as addressed in this 

paper: 

Given a delimited two dimensional space populated with random – shape, size and position wise – 

obstacles, a finite number of agents are to explore and extensively cover it. To extensively cover an area, 

in this case, means that at least 98% of the reachable places in it are physically visited by at least one 

agent. Furthermore, the solution has to be swarm-based as defined in the introduction section of this 

paper. 

There were three big steps in the process of finding a solution to the given problem: the first step was to 

seek orientation; the second one was the development of a simulation tool for experimentation 

purposes and here is where the first model takes shape; the third step is a change of strategy which 

translates to the second and final model.  These steps will be described in this section so as to 

understand the reasoning behind the final solution.  

3.2 Orientation 

The seed to a solution was given by Olle Gällmo, a machine learning lecturer at the Uppsala 

University, in an informal meeting with the researcher. Gällmo proposed that agents would spread 

around the area to be explored by keeping a distance from each other. Each agent would have the 

ability to sense its surroundings equally within a given radius. The agents would start by taking distance 

from one another until no other agents are within the sensing radius (see Figure 2), and they would try to 

rearrange themselves when facing obstacles in the process. This solution may have been the end of the 

research if the agents didn’t have to pass physically over every reachable area. This kind of solution 

would be aimed to a different kind of coverage problem which is usually referred to as blanket coverage. 

The name ‘blanket coverage’ comes from the analogy of extending a blanket over a surface so as to 

cover it as much as the size of the blanket allows. A very similar strategy to the one given by Gällmo was 

proposed by Howard et al. (2002) in order to tackle the blanket coverage problem. 

 



The Research 

19 | P a g e  
 

 

Figure 2 
Example of the solution given by Olle Gällmo. The blue dashed 
circles represent the ratios that each agent can sense. The 
blue arrows represent the direction in which agents should 
move so as to create a distance between them. 

The model presented by Gällmo resembles one of the attributes of bird flocks: keep a distance. Such a 

system, given the appropriate environment, would eventually stabilize in the sense that agents would 

become static as soon as they are separate enough so as not to have any “conflict” zones. Something 

similar might happen to bird flocks if its members could hover instead of fly, and would only move so as 

to get away from each other until they reach a “comfortable” state. However, even if birds could do 

something like that, according to the rules we have seen there is no comfortable zone for them to keep 

steady, for as soon as an agent is not too close then it is too far. You can picture the overall behavior of 

such an interaction as particles moving back and forth as if vibrating.  

So, what’s next? Stephen Wolfram (2002) made an observation on why standard intuition fails when 

observing and producing emergent complex behaviors based on simple rules. He states that “unless we 

can foresee how a system will behave, we cannot be sure that the system will do what we want” 

(Wolfram, 2002) and in order to change this we should expose ourselves to examples of such emergent 

behaviors. If the previous is true then changing our intuition can be achieved by observing and, even 

better, by experimenting. This, in addition, goes in line with Brian Kaye’s thought on how deterministic 

chaos3 should be studied: when the interaction of causes is too complex, the outcome should be studied 

“experimentally rather than theoretically” (Kaye, 1993). 

This drew the path to the second step: simulate and experiment, in other words, put ideas to the test. 

3.3 Simulation Features and The Vibrating Particles Model 

The first idea to put to the test was Gällmo’s and, although it did not come to be, it was in its 

development process that problems became clearer and ideas arose, leading the way to the creation of 

the first model. In this section the reasoning behind the first model will be explained along with a set of 

trials over its performance. 

The technology used for developing simulations was JavaFX, which is an Oracle platform for developing 

rich internet applications with Java as a main back-code language. It was basically chosen for three 

reasons: first because of the researcher’s background knowledge of the Java language, second for the 

                                                           
3 A deterministic chaotic system is defined by Brian Kaye as  “one in which we know all the contributory causes, but 
in which the interaction of the causes is [very] complex”. An interesting example of such a system is that of 
Mandelbrots set. Although chaos theory was not found to be formally linked to SI, both the previous definition and 
how deterministic chaos should be addressed were found to be well suited to the context. 



The Research 

20 | P a g e  
 

benefits it poses for managing simple animations and, third, curiosity. In the end it came out to be a 

great tool for the purposes of the research. 

One of the problems that became clearer in the process of implementing Gällmo’s idea was having the 

agents moving to new places, which also meant that they needed to know the places that had already 

been visited. This is a common issue faced in robotics and the general approach – and mainly because in 

most cases it also represents the solution – is to create and manage maps, and this is the kind of 

approach that becomes too expensive for a purely swarm-based solution, as previously discussed. 

In our case, however, it is not exactly necessary for agents to know where they have been. We have 

seen previously that ants are capable of defining the shortest path from the colony to the food source 

and not because of a good memory, but because of pheromones. Ants follow pheromones in order to 

find the shortest path and this is a lead to our solution. The difference here lies in that agents in a 

coverage problem are not looking to go to places they have been but to places they haven’t. Phrased in 

a different way, agents in a coverage problem should move away from places they have been, hence, 

they should move away from pheromones. 

Taking the previous into account, probably the most logical approach would be for agents to sense their 

nearby surroundings and then move towards those areas with lesser pheromones but this, though, was 

not the approach taken for other research has already done it (Svennebring & Koenig, 2004). Agents’ 

movement, in this case, will be mostly based on the analogy of the vibrating particles whereas 

pheromones will just help agents decide the best position to stand on. The reasoning behind the 

Vibrating Particles model is bound to the implementation process the previously described idea and for 

that reason, both the implementation and the reasoning of the model will be described as a single 

process. The latter takes place in the following subsections. 

3.3.1 Competence of the Agents 

The competence of an agent to perform the coverage task will be given by 4 abilities: the ability to 

move a given distance in any direction, the ability to sense other agents, the ability to drop pheromones 

and the ability to sense pheromone levels in its nearby surroundings. The shape of the agents will be a 

circle so as to simplify their implementation. 

The ability to move in any direction states that an agent can move towards any direction in its 360 

degrees. Movement is of course limited to a 2 dimensional layout and therefore agents cannot move up 

or down. Furthermore, an agent can only move a given distance – number of steps – which, for 

experimental purposes, can vary on user’s will. 

The ability to sense other agents is divided into two ranges: personal range and flock range. Agents are 

only able to sense each other within a given range so as to tell whether they are too close or too far 

from one another. From the previous we can establish the following rules (see Figure 3):  

 If an agent is within my personal range then I move away. 

 If an agent is within my flock range then I move towards it. 



The Research 

21 | P a g e  
 

 
 

Figure 3 
The image illustrates the ranges that determine whether an 
agent should move away from another agent or towards it. 
If another agent is:  

 within personal range then move away. 

 within flock range then get closer. 

 

Agents outside the flock range of a given agent are not “seen” by it and, therefore, have no influence on 

it. The radiuses of both ranges are based on the following formulas: 

 Personal range = agent size + personal range value. 

 Flock range = personal range + flock range value. 

If taking the previous into account, increasing or reducing the size of an agent will thus push or pull the 

boundaries of its personal range; and the same happens to the flock range when changing the personal 

range of the agent. The values for the size of the agent, the personal range and the flock range, will be 

given by the user and can be change in real-time for experimental purposes. 

The ability to drop pheromones is restricted to the area covered by the body of the agent. The 

pheromones dropped by an agent will only fall over the area covered by the radius of its body. 

Furthermore, an agent has no limitations regarding to the amount of pheromones it can drop, in other 

words, agents have unlimited pheromones supplies. Nevertheless, an agent can drop a certain amount 

of pheromones in an area so that pheromone levels can increase whenever the same agent, or another, 

passes over it and drops some more. Moreover, pheromones as in real life evaporate, meaning that 

pheromone levels will drop over time. Both the amount of pheromones that an agent will drop as well 

as the evaporation rate – again for experimental purposes – can vary on users’ will.  

The ability to sense pheromone levels is also restricted to the area covered by the body of each agent, 

in other words, an agent will only be able to sense pheromone levels within the area covered by its own 

body. This, in contrast to the previous 3 abilities, can only be changed by the user by changing the size of 

the agents.  

3.3.2 Representation of the World 

The world in which the agents will “live” will be composed of a two dimensional grid. Each cell of 

the grid will be able to represent one of three things: an empty space, pheromones or an obstacle. You 

can picture the cells as empty containers in which you can either place a square block for an obstacle or 

drop pheromones. A wall for example can be represented by an aggregate of cells with blocks in them 

(see Figure 4). However in the case of pheromones we do not see them as blocks but as units that can 

be dropped into the cells which, therefore, opens the possibility for the agents to tell the pheromone 

levels of a given area. When an agent drops pheromones, the amount dropped is equally distributed 

among the cells covered by its body. Agents do not have the ability to sense obstacles in their 

surroundings and therefore they can collide with them. Positions in the world where obstacles exist are 

not allowed to the agents and this is a rule forced upon the agents by the physics of the world. 
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Figure 4 
Example of agent leaving pheromones and example of a wall. 
Pheromones are presented by the blue cells. The more 
intense the color is, the higher the level of pheromones and 
vice versa. Obstacle cells are represented in black. 

Furthermore, cells covered by the body of an agent will be marked as visited thus allowing the program 

to keep track of the coverage percentage. This percentage will be given by the following formula: 

coverage % = visited cells / (cells of the grid – obstacle cells) 

3.3.3 Execution Process 

The process of updating the location of the agents (which is given by the rules previously stated) 

is, in contrast with some CAs, done in a sequential manner. This means that, instead of updating all 

agents at the same time, we update them one after the other – hence the update of one agent will be 

taken into account during the update of the next agent (within the same iteration) and so on. 

Furthermore, the movement of a single agent in regards to others within its sensing range is also 

executed in a sequential way, and this can be better exemplified in the following figure (Figure 5): 

 
Figure 5 
Sequential movement of an agent based on the position of other agents within its sensing range. The numbers 
are purely illustrative and they do not have anything to do with the position of the agents.  

This sequential process executed by every agent is an internal one because only the last position – 

which, therefore, becomes the first in the next iteration – is displayed to the user. In other words, we 

could say that the steps in between the initial and the final step are calculated by the agent before 

actually moving to the last position. The movement that a user would see is depicted in Figure 6. 
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Figure 6 
Movement seen by the user after executing the internal 
process shown in figure 5. The red lines depict the calculations 
made by the agent whereas the green arrow depicts the 
actual movement. 

Throughout the execution of the internal process an agent does not drop any pheromones for this is 

done by the agent only right before executing it.  

The following is a pseudo-code based on the logic that has been described until now: 

1: for every agent in agents_list do 

2:      drop pheromones 

3:      new_position <- agent_position 

4:      for every other_agent in agents_list do 

5:           if other_agent in personal range then 

6:                new_position <- move away from other_agent based on new_position 

7:           else if other_agent in flock range then 

8:                new_position <- get close to other_agent based on new_position 

9:      end for 

10:      if new_position is allowed then 

11:           agent_position <- new_position 

12: end for 

3.3.4 Strategy 

At this stage agents are leaving pheromones and moving, but no relation exists between these 

two actions. Agents are not doing anything with pheromones but to drop them before moving. 

Eugene Marias, in his thorough study of ants (1970), made an experiment in which he dug a little furrow 

across the ants’ path and filled it with water. Before the ants would decide to take a detour, Marais 

placed “a grass stalk across the water way to serve as a bridge”, and he then observed the following two 

behaviors: the ants on the side of the nest did not dare to cross the bridge while the other ones, carrying 

a load back to the nest, did not hesitate. How come? Marais states that an ant’s need to go back to the 

nest with the food is higher than the need to fetch food. This is, according to him, is a homing instinct 

(or a home-sickness effect) that overrides any other urge – other than sexual. So this might be 

interesting but, how does it help? It can be said that agents in our case have a bigger need to stay in 

places with lesser pheromones than to move away or towards another agent.  

As shown before, agents move based on the position of other agents through an internal process. 

Within this process an agent can calculate zero or more steps depending on how many agents are within 

its sensing range. Each of these steps represents a potential final position that could override any 
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further steps based on the encountered pheromone levels. This involves calculating the pheromone 

levels at each position and then moving the agent towards the one with the lesser pheromones.  

If we add this logic to the previous pseudo-code, the result is the following: 

1: for every agent in agents_list do 

2:      drop pheromones 

3:      new_position <- agent_position 

4:      best_position <- new_position 

5:      min_pher <- pheromone level at agent_position 

6:      for every other_agent in agents_list do 

7:           if other_agent in personal range then 

8:                new_position <- move away from other_agent based on new_position 

9:           else if other_agent in flock range then 

10:                new_position <- get close to other_agent based on new_position 

11:           if pheromone level at new_position < min_pher then 

12:                min_pher <- pheromone level at new_position 

13:                best_position <- new_position 

14:           end if 

15:      end for 

16:      if best_position is allowed then 

17:           agent_position <- best_position 

18: end for 

Up until here the logic of the first model has been described. We now know the competences of the 

agents, the physics of the world they will live in and their strategy to explore it. For future referential 

purposes, the current model will be regarded to as the vibrating particles model. In the next section the 

experimental features of the program will be described. 

3.3.5 Power of the User 

It has been stated before that the user is capable of manipulating certain attributes of both the 

agents and the world. With the purpose to ease the research, the simulator will provide some control 

features over the simulation so as to give the user the possibility to experiment without having to dig 

into the code. Some simulation attributes can be changed in real-time (during execution) while others 

can only be set before execution. The aspects described in this section are important not only because 

they are part of the tool but also because they have aided the research process. 

In regards to the agents, the simulator will provide features to manipulate their following attributes: 

Before-execution changeable attributes 

 The quantity of the agents: the user will be able to decide how many agents will act in the 

simulation. This is only before running the simulation and hence no agents can be added or 

subtracted in real-time. For performance reasons, the number of agents can vary from 1 to 80. 

 The size of the agents: the user can change the size of the agents. This attribute will also have a 

lower and upper boundary which is mainly because the size of the world cannot be changed.  



The Research 

25 | P a g e  
 

Real-time changeable attributes 

 The agents’ sensing ranges: the user will be able to vary the values of both the personal range 

and the flock range of the agents. These attributes will also have an upper boundary for the 

same reason stated in the previous attribute. However, in this case there is no lower boundary 

in the sense that each range can have a value of zero (0) and therefore be non-existing. 

 The amount of pheromones dropped by the agents: the user will be able to vary the amount of 

pheromones dropped by the agents in every iteration. The amount of “units” of pheromones 

can vary between zero (0) and a hundred (100). The upper threshold is bound to the maximum 

amount of pheromones that a cell in the grid can hold. 

 The step size of the agents: the user will be able to change the length of the steps of the agents. 

The higher the value is, the longer the step the agents take when they move. This attribute also 

has an upper boundary for there is no reason for the agents to warp from one place to another. 

The agents’ attributes apply equally to all, in other words, it is not possible to change attributes 

individually. 

In regards to the world the agents will live in, the simulator will provide the features to vary the 

following attributes: 

 The obstacles: the user can place and remove obstacles at will while the simulation is not 

running. Shape and size of the obstacles are only limited by the shape of the cells and the overall 

boundaries of the world. 

 The pheromones evaporation rate: the user can also change the evaporation rate of the 

pheromones that are dropped by the agents. The value evaporation rate ranges between 0% 

and a 100%. The given value to this attribute will subtract the percentage it represents from the 

amount of pheromones in each cell of the grid. This attribute can be changed in real-time. 

 The time: Finally, the user is able to lower or increase the speed of the simulation. This will be 

handled in frames per second (fps) and, then again for performance purposes, there will be an 

upper boundary of 25 fps. This attribute can also be changed during execution. 

Despite of the user being able to manipulate certain attributes of the agents and the world, the essence 

of the agents’ interaction (moving in regards to others, dropping pheromones and the need to stay away 

from pheromones) will always remain the same. 

3.3.6 Initial Settings 

Now that the rules of the game have been defined what follows is to setup the initial values and run 

the simulation. In regards to the initial values: 

 The number of agents: according to Kennedy and Eberhart (2001) there is “no pat answer” to 

the question of how many agents should be used in their PSO algorithm but, based on their 

experience, choosing between 10 and 50 does the trick. Our strategy resembles their algorithm 

in the sense that they both explore a given space however their experience does not exactly suit 

the area-coverage problem. You can picture the PSO as a treasure hunt where particles compete 
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to reach first the same goal, thus increasing the number of participants will only improve 

performance to an extent. Area-coverage, on the other hand, is like a harvest and the more 

people you have the faster the pick. For version-comparison and swarm-behavior-observation 

reasons, then number of agents to participate will be 30. 

 The shape and size of the world: the overall space and shape of the world is a square of 

600x600 pixels. These properties, strictly speaking, cannot be changed, however the inner shape 

of the world can be molded by the user with the use of obstacles. The grid’s cells will also be 

static with a size of 5x5 pixels. For the first trials we will use an empty world with no obstacles. 

 The size of the agents: agents will have a radius of 5 pixels, enough so as to cover 4 cells at 

once.  

 The step size of the agents: the step size is the distance an agent can move towards or away 

from another agent. Here, the step size for the agents will be of 5 pixels (a cell), enough for an 

agent to place itself over different cells other than the ones it was standing on at first. 

 The amount of pheromones dropped by agents: agents will drop 15 units of pheromones per 

cycle (iteration). 

 The pheromones evaporation rate: 3% of the pheromones will evaporate at every cycle 

(iteration) from every one of the cells holding pheromones. This parameter and the previous 

were found to be both sufficient, so as for agents to move around, as well as realistic, in the 

sense that pheromones will not last for too long. 

 The flock and the personal range of the agents: the values for both the personal range and the 

flock range will be of 25 pixels. If placed in the formula previously stated, the final values will be: 

Personal range = agent size (5) + personal range value (25) = 30 pixels 

Flock range = personal range (30) + flock range value (25) = 55 pixels 

 The initial position of the agents: Steels (1990) as well as Kennedy and Eberhart (2001) state 

that very complex dynamical systems, such as the ones that we have seen, are capable of 

“maintaining something like an equilibrium, stability or regularity” (Kennedy & Eberhart C, 

2001), a state of rest which is “still dynamic from the viewpoint of the underlying objects but 

there are no mayor macroscopic properties of the system changing” (Steels, 1990). Based on 

this, it is arguable that organizing the agents in a formal way would add no value, for they 

would, regardless of their position, reach equilibrium. In conclusion, the agents will be placed 

randomly – as in the PSO – around the center of the world. 

3.3.7 First Trials  

Agents with equal flock and personal range values in an empty environment 

The first trials of the first model are characterized for having agents with flock and personal range of 

equal values (25 pixels). This single fact has an important effect on the behavior of the swarm as we will 

see. 

With nothing else to add, the following figure (Figure 7) depicts the first seven iterations of a program 

based on the logic and the settings previously described: 



The Research 

27 | P a g e  
 

 
Figure 7 
Sequence of the first 9 iterations of the program. The blue trace left by the agents is the pheromones. From this sequence it is 
possible to see how agents start congregating. 

Solely on the previous sequence is hard to see the overall collective behavior of the agents, so the next 

image shows the resulting state of the swarm after 90 iterations: 

 
Figure 8 
Sequence of the next 90 iterations following the sequence shown in figure 7, with a span of 20 cycles. The pheromone trace 
does not entirely fades away but this is for representational purposes only, so as to be able to see the area that has been 
covered by the agents. Now that the agents have gathered they start displaying an overall behavior and they start moving as a 
swarm. 

In Figure 8 it is possible to see how the swarm behavior emerges from the agents’ interaction. Moreover, 

agents start moving from the initial position reaching new places. In continuation of the previous 

sequence, the following image displays the how the swarm starts exploring the space as a single entity: 
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Figure 9 
Sequence of the next 240 iterations with spans of 50. At the 600th iteration 61% of the area has been covered. 

At the 600th cycle the swarm has managed to cover 61% of the area and after another 1000 cycles it 

achieves 95%, looking as follows: 

 
Figure 10 
Sequence of the next 1600 iterations with spans of a 200. 95% of the area has been covered. 

Letting the program run for yet another few 100 cycles might increase the percentage of covered area, 

however, it is most likely to take a lot longer since most of the area has already been covered and 

pheromones have evaporated, hence increasing the probability of the swarm passing over already 

visited places. In the case of the example above it is only after another 400 iterations the swarm 

manages to cover another 1%, and this is one of the best performances under the given settings.  

Six (6) other trials with the same settings were made and, despite of what could have been expected, 

performances are not so similar to each other. The difference from one performance to another is 

attributed to the random initial distribution of the agents. The following graph depicts the performances 

of the 6 trials and their average: 
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Figure 11 
First model trail performances and average chart. Depicts the relation between the number of 
iterations and the coverage percentage. Agents’ flock and personal range are equal and the step size 
is of 5 pixels. 

In this chart (Figure 11) it is possible to see that only 2 out of 6 trials achieved 98% coverage before hitting 

3000 iterations, and one of the others did not even make it to 90%. A 100% area coverage is hardly ever 

achieved for it happens that a small number of cells (less than 50 out of 14400) usually remain scattered 

and unvisited, thus making it improbable for the agents to reach them. Furthermore it can be seen that 

the performance from one execution to another can, at times, be more than two times better or worse 

and this is seen in the case of trials 1 and 5 when reaching 55% coverage. The settings, under which 

these previous trials were made, resulted in the most unstable or unpredictable performance based on 

the deviations shown from one trial to another. If compared to other trials, as shown later on, the 

performance differences seen from one execution to another are significantly smaller. This can be seen 

in the next configuration of the swarm. 

3.3.8 Second Trials (changed settings) 

Agents with higher personal range value than the flock range value, in an empty environment 

One of the issues that can be observed from the emergent behavior of the agents from the 

previous example is that they are congregating too close to one another, hence losing the advantage to 

explore new places in parallel by spreading out.  

Having the possibility to change many of the settings of the simulation gives us a broad spectrum of 

ways to play and even improve the performance of the agents. The congregating behavior for example 

can be improved by having a greater personal range than the flocking range. For the sake of having a fair 

comparison, only the attributes regarding the competence of the agents should be changed – such as 

the radius of both the personal and the flock range, amount of pheromones to drop and the step size. 

Other parameters such as the evaporation rate and the number and size of the agents should remain 

the same. 
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By taking the previous into account, it is possible to foster a spreading tendency into the swarm just by 

reducing the flock range value from 25 to 20 pixels. A swarm working with this change results in the 

following: 

 
Figure 12 
Sequence of 80 iterations with spans of 20. Agents have a greater personal range than a flock range which makes them spread 
and congregate in more than one single group. 

In Figure 12 it is possible to see how the swarm has a different behavior from the one depicted in the first 

version of the Vibrating Particles model. Here agents are spreading and, at the same time, grouping into 

different teams and exploring new areas in different directions. At the 500th iteration (see Figure 13) the 

swarm achieves 81% of area coverage, which is 20% more coverage than the achieved by the first 

example at the 600th.  

 
Figure 13 
Sequence of the next 500 iterations following figure 12 with spans of a 100. At the 500th iteration 81% of the area has been 
covered by the agents. 
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Having a greater personal range than a flock range highly improves the area coverage performance of 

the agents. As in the first settings where personal range and flock range were equal, six (6) trials were 

made with the new settings, which resulted in a very similar performance with little deviation from one 

trial to another. This is shown the following chart: 

 
Figure 14 
Trail performances and average chart of the first version of the model, where the personal range of 
the agents is greater than their flock range. 

In this chart (Figure 14) it is possible to see that all the trials achieved 99% area coverage in less than 2600 

iterations, which is a remarkable improvement in comparison to the previous group of trials. For a more 

comprehensible comparison between these two groups of trials, the following chart depicts the average 

performance of both groups: 

 
Figure 15 
Comparison chart between the average of the first group of trials (agents with equal flock and 
personal range) and the average of the second group of trials (agents with greater personal range 
than flock range). 

In average, agents from the first group of trials took more than 2 times longer than the second group to 

cover the same area. In other words, the second group is 2 times more efficient. Moreover, the second 
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group has a more consistent performance meaning that each trails’ performance is only slightly different 

from one another. 

Up until now two different settings of the first model have been tested. It is possible to create many 

more configurations by combining all possible values of the agents’ attributes but, based on several 

other trials, no other combination resulted in a behavior or in an improvement worth mentioning. 

Before moving to the third and final step – and model – the performance of agents working with the 

current scheme will be tested in an environment with obstacles. 

3.3.9 Obstacle Trials 

Agents with higher personal range value than the flock range value, in an environment with obstacles 

For the next experiments the agents will work with the values that have worked best so far. The 

world in which they will perform will resemble that of a one-floor house with rooms to be explored. As 

in previous times, the sequence of a single trial will be illustrated and after that a chart with the 

performances of 6 other trials will be depicted.  

Agents in Figure 16 are able to explore and cover different areas of the given environment. They were 

able to go around many of the walls and achieve more than 85% coverage by the 1800th iteration of the 

program. Another 13% of area-coverage is later achieved by the agents before reaching the 3000th 

iteration, resulting in a total of 98%. 

 
Figure 16 
Sequence of 1800 iterations with spans of 200, of agents collaborating to explore and cover an area with obstacles. 
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This might sound positive but the truth is that agents spent most of their time going over places they 

had already visited. This is only one trial but the same behavior is replicated over the next six, as seen in 

the next figure (Figure 17). 

 
Figure 17 
Comparison chart between 6 trials. Agents are working with a bigger personal range value than the 
flock range value, and in an environment with obstacles. 

There are two main factors that hinder the agents’ performance: one is their personal range and the 

other is their ability to sense other agents even through walls. The agents’ personal range makes them 

keep a distance that at times is bigger than the “doors” of the rooms thus making them bounce away 

from unexplored places. Agents under this model are not able to form a line so as to pass through 

narrow places. Moreover, the agents’ ability to sense each other even through walls makes them stick to 

the walls when they find themselves on both sides of the same wall. Under the current model, only the 

first factor can be handled – and only to a certain extent – by reducing the agents’ sensing ranges. The 

latter, however, will always be relative to the obstacles in environment. 

Here the trials on the first model are concluded and what follows is the description of the third and final 

step, which regards a change of strategy and the resulting final and main model of the research at hand. 

3.4 Change of Strategy: The Confidence Model 

Kennedy and Eberhart (2001) made an observation on the interaction of bird flocks that led them to 

the development of the PSO algorithm. They stated that birds in a flock could be influenced by flock 

mates based on their actions like, for example, a diving bird could mean that it has seen food and 

therefore it would be sensible to follow it. In the PSO algorithm, particles in a hyperspace are able to see 

which has been the best position of other particles so far so as to decide their next move. 

If in the hyperspace of the PSO a position can be regarded as better than others then in the area-

coverage the same can be done. In the area-coverage problem there is however, in contrast to the PSO, 

no single best position for the agents to compare with so as to define what a better position is. In this 

kind of problem there are, on the other hand, several best positions which vary in time defined by 
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whether they have been visited or not. For our purposes, a non-visited position is better than a visited 

one.  

Let’s say, based on Kennedy’s and Eberhart’s (2001) observation, that birds are able to build up 

confidence when they find something of their interest and, at the same time, are able tell how confident 

other birds in their neighborhood. Such abilities would aid birds when taking a decision between: 

keeping formation or breaking it in order to follow a flock mate. Whether this is true or not, it sounds 

like a reasonable strategy for exploration and coverage. Translated to the area-coverage problem, 

agents could build up confidence in regards to the position in which they are standing and, at the same 

time, tell how confident others are. Confidence in this case is an attribute of the agents based on the 

level of pheromones of the place where they are standing: the less pheromones, the more confidence 

an agent has and vice versa. Based on the previous, an agent could then decide between: keeping 

formation or following the most confident one in the neighborhood. 

The previously described strategy can be translated to the following pseudo-code: 

1: for every agent in agents_list do 

2:      drop pheromones 

3:      most_confident <- agent 

4:      new_position <- agent_position 

5:      for every other_agent in agents_list do 

6:           if other_agent in personal range then 

7:                new_position <- move away from other_agent based on new_position 

8:           else if other_agent in flock range then 

9:                if agent_confidence < other_agent_confidence then 

10:                     most_confident = other_agent   

11:      end for 

12:      if agent is not most_confident then 

13:           new_position <- get close to most_confident based on new_position 

14:      if new_position is allowed then 

15:           agent_position <- new_position 

16:           build confidence based on pheromone levels at agent_position 

17:           build up extra confidence for being able to move 

18:      else 

19:           confidence = 0 

20: end for 

This pseudo-code cannot be left unexplained for there are aspects of it that may create some noise to 

the reader. The best_position variable has been taken away despite of having spoken about having 

“better positions”. In this new strategy, as stated before, agents will not decide about which is the best 

position to stand on but they will, however, decide whether to keep in formation with the flock or to 

follow another agent. Keeping in formation sounds vague but it basically means, as implemented in the 

pseudo-code, to keep a distance from one another. This means that most-confident agents will only be 

concerned in keeping distance from the other agents. Agents that interact based on this logic produce 

an emergent behavior in which the most-confident agents in the neighborhood end up being pushed 



The Research 

35 | P a g e  
 

towards new places by those who are less confident and have decided to follow them. This was 

unintentionally programmed and only understood when tested. 

There are two other aspects of the pseudo-code that need to be further explained. They regard the role 

played by the new confidence attribute of the agents. In other to avoid the wall-sticking factor 

encountered in the vibrating particles model, the two following rules take place: any agent who is able 

to move will have an extra confidence point whereas any other who cannot – i.e. because of a wall – will 

lose all its confidence. This indirectly tells wall-colliding agents to follow any other agent that can move. 

These rules take place in the line 17 and 19 of the pseudo-code. 

Agents in this model have the same competences as in the Vibrating Particles model with the additional 

confidence building and confidence sensing abilities. For future referential purposes, this model will be 

regarded to as the Confidence model. The attributes of the world will remain the same and so will the 

power of the user. This concludes the description of the confidence model and, as in the first model 

(vibrating particles), trials based on its logic will be described. 

3.4.1 First Version and Trials 

Agents’ ability to sense pheromones limited to their body range. 

For comparison purposes between the Vibrating Particles model and the Confidence model, the 

following trials will work based on the same initial settings used in the first trials of the former model. 

 
Figure 18 
Sequence of the first 60 iterations of the Confidence model with spans of 15. Agents in red are the ones leading – they are the 
most confident – whereas the agents in black are the ones following – they are the less confident. Initial settings here are the 
same as the ones used in the first version of the Vibrating Particles model. 
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Figure 18 depicts the first 60 iterations of the agents working under the new strategy. In contrast to the 

first model, with the new strategy there is no need to foster a spreading behavior into the swarm for 

agents are spreading and grouping on their own as a result of their interaction. Agents in red are the 

ones who are most confident at a given time and therefore they are the ones “leading”. Quotes are used 

in “leading” because those who are most confident are only staying away from the ones who are 

following. It is possible to see that the swarm has more than one leader at a time and that the leader 

varies in time. The next figure (Figure 19) shows the next 1000 iterations  

 
Figure 19 
Sequence of the next 1000 iterations following figure 18, with spans of a 100. At the 1000th iteration 97% of the area has been 
covered. 

The performance of the swarm in 6 other trails is illustrated in the following chart: 

 
Figure 20 
Chart depicting the performance of 6 trials and their average of the second model. 

 

This strategy is quite consistent across trials as seen in the previous chart (Figure 20). In all the trials the 

swarm was able to achieve 99% coverage before reaching 2000 iterations. If compared to the 
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configuration that worked best for the vibrating particles model (agents working with a bigger personal 

range than the flock range), the trials of the confidence model with the worst performance achieved 

99% coverage in 1995 iterations whereas the worst from the vibrating particles did it in 2540, which 

translates to a 545 iterations difference. In the case of the trials with the best performances, the 

confidence model achieved 99% in 1263 iterations whereas the vibrating particles achieved the same in 

1630, which translates to a 367 iterations difference. In average, across the execution from 0 to 99% 

coverage, the swarms working with the logic of the confidence model took 5.51 iterations to cover 1% of 

the area. This means that, if the swarm were to be consistent over time in covering 1% of area every 

5.51 iterations, the swarm would achieve 99% in 546 iterations. As stated and as seen before, it is not 

possible for the swarm to keep the same pace of area coverage over time because the probabilities of 

moving across already visited areas becomes higher as the coverage percentage increases. In the case of 

the trials of the vibrating particles model (with the settings that worked best) the swarm made an 

average of 6.48 iterations for the every 1% which, if been consistent across time, translates to 642 

iterations before achieving 99%. The following graph depicts a comparison of the average performance 

of the trials between the vibrating particles model and the confidence model: 

 

 
Figure 21 
Comparative graph between the average performance of the trials of the vibrating particles model 
(with the settings that worked best) and the average performance of the trials of the confidence 
model. 

 

For the Confidence model, the predefined settings worked best. Other trials with other settings – such 

as having a bigger flock range so that an agent would compare its confidence with more flock mates; or 

increasing the step size so as to increase the probability of falling over none-visited places – were tried 

but no significant improvement was found. During the trials, however, it was possible to see that agents 

would pass by close to none-visited places despite of standing on high levels of pheromones. This 

behavior occurs because of the following reason: if not one of the agents is pushed into an unknown 

zone, none of the other agents in the flock will know about it. Under the current model, agents only get 
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the chance to build up more confidence than others if their physical body happens to fall over a place 

with little or no pheromones. 

3.4.2 Second Version and Trials 

Agents’ ability to sense pheromones extended to their personal range. 

The previously stated flaw of the strategy can be managed with a simple change: extending the 

pheromone sensing range of the agents further than their body range. By applying this, the agents will 

not only gain confidence from the place they are standing on but also from nearby areas that might not 

have been explored. Although in nature ants are capable of picking scent from considerable distances4, 

for our case the agents’ ability to sense pheromones will only be extended to their personal range. This 

increment shows to be sufficient to improve the performance of the agents. A sequence of images will 

not be depicted because the behavior of the swarm remains, in overall, the same. The following 

comparative chart between the three (3) versions – the vibrating particles model with the settings that 

worked best; the confidence model with body-range pheromone sensing ability; and the confidence 

model with personal-range pheromone sensing ability – is enough to understand the improvement: 

 

Figure 22 
Comparative chart between the best version of the vibrating particles model, and first version 
(agents that are able to sense pheromones within their body range) and second version (agents that 
are able to sense pheromones within their personal range) of the confidence model. The lines depict 
the average performance of 3 groups of 6 trails each, one group per version. 

                                                           
4 Eugene Marais in his book Souls of the White Ant talks about the ability of certain animals and insects, such as 
the tok-tokkie, to perceive “waves in the ether” that are beyond human senses. He states a pointer dog is able to 
track down a the scent of a queen termite “for nearly a hundred yards against the wind”. 
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This last version achieves in average 1% area-coverage every 3.94 iterations, translated to 99% coverage 

in 391 iterations if being consistent over time. These numbers can be understood and compared better 

by looking at the following table: 

Model 
/ Version 

Description Worst trial 
performance 
(coverage % / 
iterations) 

Best trial 
performance 
(coverage % / 
iterations) 

Average 
iterations per 
1% coverage  

Average 
iterations for 
99% coverage 
(if consistent 
over time) 

Vibrating particles 
model 

Agents with equal flock and 
personal range values. 

85 / 2949 98 / 2671 - - 

Vibrating particles 
model 
– best 

Agents with bigger personal 
range value than flock range 
value. 

99 / 2540 99 / 1555 6.48 641.91 

Confidence model 
– version 1 

Agents’ ability to sense 
pheromones limited to their 
body range. 

99 / 1995 99 / 1263 5.51 546.21 

Confidence model 
– version 2 

Agents’ ability to sense 
pheromones extended to their 
personal range. 

99 / 1280 99 / 958 3.94 390.17 

Numbers from the first trials of the vibrating particles model were discarded because, in order to 

calculate those numbers, it is necessary for all trials to reach 99% coverage and, in this case, not all trials 

achieved it before 3000 iterations. 

The previous is a comparative table of versions working in an empty environment. A performance 

comparison between models in an environment with obstacles is yet to be done. Before moving on to 

such a comparison it is necessary to test the performance of the last version – confidence model, 

version 2 – in an environment with obstacles.  

3.4.3 Obstacle Trials 

The obstacles in the environment, again for comparison purposes, will be the same used for the 

Vibrating Particles model. In that sense, the environment will resemble a house with rooms. The 

following sequence depicts the first 200 iterations of last the version of the swarm: 

 
Figure 23 
Sequence of the first 200 iterations with spans of 50. Second version of the second model in an environment with obstacles. 
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From the sequence depicted in Figure 23, it is possible to see that by the 200th iteration the swarm has 

been able to cover most of the center of the environment plus 3 other “rooms”, which represents to 

51% area-coverage. The rest of the rooms are visited and mostly covered throughout the next 1100 

iterations, as shown in Figure 24. 

 
Figure 24 
Sequence of the next 1100 iterations following the sequence of figure 23, with spans of a 100. 94% area-coverage has been 
achieved. 

As done with the vibrating particles model, 6 other trails under the same settings were carried out. Their 

coverage performance is displayed in the next chart (Figure 25). 

 
Figure 25 
Comparison chart of six trials performance and average. Agents working with the logic of the second 
version of the confidence model in an environment with obstacles. 
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The average performance of these last 6 trials can be compared to the average performance of the trials 

of the vibrating particles model in an environment with obstacles. The following chart (Figure 26) depicts 

such comparison: 

 
Figure 26 
Comparison chart between the average performance of the trials of the vibrating particles model and 
the confidence model. Agents in both groups of trials worked in an environment with the same 
obstacles. 

 

It is possible to see in this chart (Figure 26) the improved area-coverage performance of the agents 

working under the logic of the confidence model. Agents are not only covering new spaces in less time 

but they are also achieving much more area coverage in overall. 

This marks the end of the evolution of the models and the end of the trials. The model based on the 

analogy of confident and none-confident birds with extended pheromone sensing range is the one with 

the best area-coverage performance. 

Four (4) extra features were added to the simulation tool with the goal of experimenting with the 

swarm’s behavior as well as with the intention to improve its coverage performance. These features did 

not create significant improvements but they did, however, produce interesting swarming behaviors 

that can be shortly described. 

3.5 Extra Simulation Features 

The four added features to the simulation were: comfort range, influence, inertia and leakage. 

The comfort range regards an area in between the personal range and the flock range where an agent 

will move around any other that falls within that range. An analogy to it is that of a moon orbiting a 

planet. This new attribute of the agents would make them spin around each other like a polishing 

machine. This attribute was added under the thought that it would increase the probabilities of the 

agents stepping into unexplored areas. The previous, however, was not the outcome. When having a 
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comfort range, agents would lose the impulse to move towards new areas hence taking more time to 

cover them. 

The influence attribute was added to the agents as an extended effect of following the most confident 

agent in the neighborhood. It is based in the analogy that an individual could build extra confidence if 

that individual knew another who was more confident than any other in the neighborhood. This 

resembles the Bandura’s vicarious reinforcement (an individual could gain confidence in performing a 

task if that individual has seen someone else do it). This attribute adds an extra parameter to the 

confidence-building of the agents. Now agents’ confidence would be defined by: pheromone levels in 

the area, being able to move and a confidence percentage relative to the most confident in the 

neighborhood. The idea behind it was to foster a chain-of-command sort of behavior into the swarm, so 

that agents would transfer information across the swarm and connect to other agents even if those 

other agents were not the most confident in the community. This behavior was not achieved and this is 

possibly because of the way it was implemented. 

Inertia regards to the attribute of matter where an object’s mass have an influence on its motion. The 

bigger the mass the more resistance an object would find into changing its direction. In the case of the 

agents no mass attribute was added to them but their movement direction can be taken into account 

when taking their next step. It is said that it “can” be taken into account because it is up to the user to 

define the percentage of influence an agent’s direction would have on its next movement. For example, 

if the inertia has a 100% influence on the agents’ movement then changing direction would not be 

possible for them and hence each of them would only head towards a single direction. The inertia 

property was added with the purpose of encouraging the agents to keep on moving towards a single 

direction for longer time. Applying inertia to the agents did not improve their area-coverage 

performance but it, however, created a more fluent, flock-like behavior. 

Leakage regards to a petrol-like kind of leakage. A user is able to create petrol leakages at will during the 

execution of the program so as to test the agents’ ability to clean in a dynamic environment. This has a 

side effect purpose which is that of testing the agents’ ability of finding something in specific in the 

environment. Agents with the property to explore in the search for something in specific could be used 

in scouting. For the agents to cope with this extra property of the environment, their sensing ability was 

extended to pheromone sensing and leakage sensing. Agents are able to discern between pheromones 

and leakages and, moreover, are able to build up confidence based on both. For scouting purposes, 

agents would build more confidence in leaked areas than in non-existing pheromone areas. The 

purposes of this feature were fulfilled; agents did strive for leaked areas and remained in those areas 

until most of the “dirtiness” was cleaned. This behavior can be seen in the image sequence depicted in 

Figure 27. 
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Figure 27 
Sequence of 270 iterations with spans of 30. The gray zones depict the analogy of a petrol leakage. These leakages appear and 
grow dynamically at the same time that agents strive towards soiled zones. 

 

The final simulation tool, as implemented in this research, is shown in the following image: 

 
Figure 28 
Screenshot of the simulation tool implemented for this research. A video of its 
execution can be seen here https://www.youtube.com/watch?v=19G7Qp7fmB8.  
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4 Discussion 

In this section observations over the swarm’s behavior and performance are discussed. In addition, 

the Confidence model is contrasted with another existing strategy with regards to their efficiency and 

performance. 

The Vibrating Particles Model, from a performance perspective, turned out to be an inefficient 

approach to the area-coverage problem. It was possible to see in the trials that the swarm did not 

always have a clear aim and thus expended most of its time over already visited areas. This is possibly 

because of the agents’ lack of communication. Agents are interacting only so as to move towards or 

away from one another and no hints over their locations are been shared. Pheromones, moreover, 

evaporate hence making already visited areas still quite suitable to be best positions. In spite of their 

inefficiency, agents did get to explore the area and the key to this is the best-position urge.  Letting the 

agents run without the best-position strategy would just make them congregate in a single place. 

The Confidence Model on the other hand allows agents to share some information about their position 

so that they can collaborate. Any agent standing on the verge of an unknown place will let the others 

know. Sharing information among the agents of the swarm is a way of amplifying each agent’s 

pheromone-sensing ranges. The implementation of the influence attribute was a failed attempt of 

enhancing this sensing amplification and this, however, maybe due to the way the feature was 

implemented. Another observation is that agents in the Confidence Model do not lead because they 

want to lead but because others follow. A confident agent will not strive towards new places on its own; 

it is only because of its followers that an agent ends up been pushed towards unvisited areas. Any agent 

can fall into a situation like this and so a “leader” can become a follower at any time. In this case – and 

maybe in a general sense – leading is a matter of followers.  

The evaporation attribute of the pheromones also plays an important role. It could be thought that if no 

evaporation took place then the performance of the agents would improve because unvisited places 

would become more attractive. This is true in an open space with no obstacles. In an area with 

obstacles, however, the agents’ performance can be hindered if there is no pheromone evaporation. 

Trials of with zero (0) evaporation rate have proven that agents tend to get stuck inside room-like places 

because the pheromone levels at the entrances act as barriers. If the agents cannot go out, the room is 

filled with pheromones and no place is left for an agent to lead. 

The sequential execution, on the other hand, does not have a very clear impact on the swarm’s 

behavior and performance. There are two factors that are believed to play important roles. The first one 

is that, in the internal process of an agent, some agents that might not be within its sensing range at first 

might start falling into it during the execution of the process thus, at times, producing some sort of 

slingshot effect over the agent. This can be understood better by looking at Figure 29. 
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Figure 29 
Sequence depicting the slingshot effect. Agents outside the sensing range (2 and 3) start being incorporated with every step. 

This effect is most probably the reason why agents in the Vibrating Particles Model tend to congregate. 

In the case of the Confidence Model, this tendency is broken because agents follow only one agent at a 

time hence ignoring others in the flock range. This aspect might have a favorable or an unfavorable 

effect over the swarm’s performance in the Vibrating Particles model.  

The second aspect regards the overall sequential execution of the program (updating one agent after 

the other). During the execution of the trials of the last version of the Confidence Model it was possible 

to see that some agents, in spite of being in the best position, did not take the lead. You see, it is only 

after an agent has moved that it builds up confidence, and this confidence update is taken into account 

by the next agent in the update queue and so on. Picture an array of 4 agents: [A, B, C, D]. The 

sequential execution would start by updating the head of the list which in this case would be agent A. 

Agent A would move with regards to the other agents’ position and confidence and, once standing on its 

new position, builds up confidence. The next in the line would be agent B and, as agent A did, moves in 

regards to the other agents’ position and confidence. At this point only agent A has updated its 

confidence and this is taken into account by agent B, thus possibly putting agent A on an advantage (or 

disadvantage) position over the others who have not yet updated their confidence. It is unclear whether 

this has a positive or negative impact over the swarm’s performance. 

In general, the Confidence model proved to be a quite efficient and versatile solution to the area-

coverage problem. It is said to be efficient because of the relation it poses between resources and 

outcome: with little resources (memory, computation and communication wise) an area can be 

extensively covered (99% area-coverage) within a reasonable and consistent time lapse (which varies 

depending on the size of the area, the number of agents and the complexity of the environment). It is 

regarded as versatile because of its ability to cope with different environments regardless of their 

complexity and also because of its ability to perform without the need of a specific starting setup or 

starting point of execution. 

The previous are attributes that substantiate the swarm-based advantages given at the introduction of 

this paper: robustness, scalability, self-organization, simplicity, low computational cost and redundancy. 

If compared to the work done by Svennebring & Koenig (2004), where the agents leave and move away 

pheromones, it is difficult to say wether an implementation of the Confidence model would do better in 

terms of efficiency and performance. An advantage of their strategy is that agents are able to perform 

coverage on their own in the sense that even if an agent is doing a solo work it would still be able to 
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perform coverage under the given rules. Agents in the Confidence model rely on one another to move 

around and reach new places. An agent without neigbors does not have a rule to guide it. The non direct 

interation among the agents of their solution could, however, result in a dissadvantge. An agent 

standing in an unexplored area would not be able to let others know and this could be an advantage for 

the Confidence model. Svennebring & Koenig, on the other hand, state that their robots could get stuck 

from time to time depending on the complexity of the environment. The previous, however, could be 

due to the physical capabilities of the robots and not necessarily due to the rules of interaction. 

The only way to know, it seems, is to have them compete under the same cirmcumstances. 
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5 Conclusions 

This section gives an overview of the paper based on its arguments and its contributions. In 

addition, further related work is also promoted. 

The arguments of this thesis, as given in the introduction section, stated that the development of an 

alternative swarm-based approach to the area-coverage problem could bring further insight into the 

design and evaluation process of swarm-based solutions. Furthermore, a new approach could represent 

a poor or a capable contestant in an area-coverage contest. In either case, its attributes can be used for 

future references on whether to avoid some of them or the opposite. 

This research has proposed two swarm-based models for the area-coverage problem that combine ants’ 

pheromones and bird flock attributes and, in summary, can be described as follows: 

1. In both models agents leave pheromones before moving to a new position. 

2. In the Vibrating particles model an agent: 

a. Will try to stay close but not too close from its neighbors. 

b. And will forget about ‘a’ if it finds a good place to stay. 

3. In the Confidence model an agent: 

a. Will keep a distance from its neighbors. 

b. Will build up confidence based on its position (or current condition). 

c. Will follow the most confident agent in its neighborhood. 

These models were described in the Research section (section 3) of this paper. Both models, their 

reasoning and their performance results stand as answers to the research questions posed in the 

introduction of this paper: it is possible develop an alternative pure SI-based approach to the area-

coverage problem and the models stand as proofs.  

The two presented models and the way they were reasoned can provide further insight into the creation 

of other swarm-based solutions regardless of the problem area. It is possible to acknowledge that this 

work extends the reach of the SI field along with its knowledge base. 

As for the new player in the area-coverage contest, the Confidence model could hold as a formidable 

contender. It has proven to achieve an acceptable coverage (99%) in an acceptable time, and also to be 

capable of coping with complex environments.  

5.1 Future Work 

The further work can be divided in two: simulation related and robotics related. The former regards 

to those ideas that can be implemented and tested in a computer whereas the latter to those ideas 

which could take place if implemented in robotics. 
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5.1.1 Simulation related 

1. This research posed no performance comparison work or criteria with other area-coverage 

solutions. Doing such a comparison can be a tricky task but it would bring a better insight on the 

pros and cons of the existing models hence clearing the path for improvements. 

2. The proposed models have been implemented in a specific way however, different approaches 

can be taken. The update process of the agents, for example, could be implemented in an 

asynchronous way instead of in the sequential manner it was done in this research. A change 

like this one may or may not have an impact on the swarms’ behavior and performance, as 

observed in the Discuss section (section 4). Nevertheless, a simulation that updates agents in an 

asynchronous manner would be closer to both a real life process and to a robotic 

implementation.  

Another aspect that could be implemented differently is the way the neighborhood of an agent 

is constructed. In the implementation described in this paper agents check for other agents 

within their sensing range at every iteration thus making the neighborhood a dynamic one in 

which members come and go based on the context. In the PSO algorithm, on the other hand, 

the neighborhood of a particle is static, which means that the neighbors of a given particle are 

always the same throughout the execution of the program. There are two types of 

neighborhoods in the PSO algorithm: lbest (for local best) where each particle is connected a 

given number of other particles in the swarm; and gbest (for global best) where each particle is 

connected to all the other particles of the swarm. These types of neighborhoods could be 

implemented in both the Vibrating Particles model and the Confidence model. It is most 

possible that such implementations have an impact in the behavior of the swarm as well as in its 

performance. 

3. The two models could also be taken to a three dimensional simulation. This would allow a 

performance and behavioral study of swarms working under such models in 3-dimensional 

spaces. Such a study could form a feasibility base for robotic implementations. 

4. Shape and sensing capabilities of the agents are aspects that can be studied and experimented 

with. Agents with the shape and the sensing capabilities of a fish (only able to look to the sides), 

for example, can bring interesting insights on biological behaviors. Results could be used in 

video games and movie making. 

5. An implementation of the two models such as the one shown in this paper could be adapted for 

artistic purposes such as movie making or music players’ visualizers.  

5.1.2 Robotics related 

During the development of this research it was possible to find several technical constrains for the 

implementation of swarm robots and probably the most common one was robot-to-robot 

communication. These constraints are, nevertheless, being tackled by the research community and the 

obstacles are bound to be overcome in time.  

Pheromone representation and chemical sensing, on the other hand, are also issues being approached 

in the research community (Krishnanand & Ghose, 2005; Cabrita, et al., 2011; Osório, et al., 2011) and 



Conclusions 

50 | P a g e  
 

results seem promising. Pheromones could also be implemented virtually in the sense that a central 

computer could represent the world in the “minds” of the robots. When robots drop and sense 

pheromones they would do so virtually and not in the physical world.  

Swarm micro-robotics can also be said to be making progress. Movement and self-propulsion of 

microorganisms has been studied and very interesting insights have been achieved and some properties 

have even been replicated (Posne, et al., 2010). 

If challenges are overcome, robotic implementations of the models could have areas of application such 

as: 

 Surface inspection: for mines sweeping or space exploration and sample collection for example.  

 Cleaning or lawn mowing: this one is self-explanatory.  

 Hazardous leakage detection or cleaning: petrol leakages or chemical spills detection or 

cleaning. Such an approach could be used in cases such as the mine clearance of the Baltic Sea. 

There seems to still be a large number of mines left from the world war and with time this mines 

are spilling chemicals that contaminate the sea. 

 Scouting and medical aid: the same leakage attraction feature could be aimed to find and 

provide medical aid to people who either is lost or find themselves temporary out of human 

reach in situations such as a fires. The agents, in such cases, could provide first aid resources to 

the person in trouble while providing location coordinates to the scouting team. 
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