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Abstract
Engineering Product Development Pillar

Doctor of Philosophy

The Exploration and Exploitation Dynamics of Target Tracking Swarms

by Hian Lee KWA

Can a multi-robot system (MRS) be made to find and track a target that can move
faster than any of its component robots? Such tasks have long been considered impos-
sible due to the assumption that the target will always be able to outrun the individual
robots. The work done in this thesis shows that this task is in fact, achievable and at
its root, boils down to the exploration-exploitation dilemma—the choice a system must
make between gathering more information about the environment or making use of
the information currently available.

To accomplish the task of tracking a fast-moving non-evasive target, a fully decen-
tralised search and track strategy based on the Particle Swarm Optimisation (PSO)
algorithm is used. This strategy is complemented by an adaptive inter-agent repul-
sion behaviour, used to promote exploration, as well as an adjustable k-nearest neigh-
bour communications network, used to tune the system’s exploration-exploitation bal-
ance. To achieve the more challenging task of tracking an evasive target, the individual
agents of the swarming MRS are endowed with a short-term memory, thereby pro-
moting higher levels of exploitation. The two developed strategies are then validated
through physical tests using a decentralised swarm of miniature ground robots.

Through both virtual and physical experimentation, an optimum level of connectivity
to maximise the MRS’s tracking performance is revealed. The origin of this optimum
level of connectivity is further traced back to an optimum balance in the amount of
exploratory and exploitative actions carried out by the system. The effect of various
environmental factors and mission parameters on this optimum, such as the swarm
density, number of agents used, and the movement profile of the targets, are also stud-
ied. The results presented in this thesis further emphasises the importance of attaining
the correct exploration-exploitation balance when developing a swarm strategy. This
optimum changes according to the task set for the system and the results presented
shed some light on how to tune a swarm’s exploration-exploitation dynamics to find
this optimum, potentially paving the way for better swarming algorithms to be devel-
oped.
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Chapter 1

Introduction

Nature has always served as a good source of inspiration for solutions to the problems
faced by mankind. The field of swarm intelligence is no exception. Swarm intelligence
is the collective behaviour a system derived from the decentralised interaction and re-
sponses of multiple agents (Beni and Wang, 1993). While this definition was first given
in the context of cellular robotic systems, it can also be used to describe the behaviour
observed in natural swarms such as colonies of ants, flocks of birds, and schools of fish.
The emergent properties arising from the collective behaviour of a swarm allows the
system to achieve goals that an individual swarming agent would find impossible to
achieve alone.

A classic example of emergent behaviours in natural swarms are starling murmura-
tions, where flocks of starlings have been observed to display complex kinetic patterns
when each bird follows just three simple rules regarding attraction, alignment, and re-
pulsion (Ward and Webster, 2016). In an attempt to replicate this, Reynolds (1987) sim-
ulated a flock of birds in a virtual multi-agent model. To do so, each agent within the
simulated flock was instructed to avoid collision with its neighbours (repulsion), match
its velocity with its neighbours (alignment), and attempt to stay close to its neighbours
(attraction). This is similar to the self-propelled particle model proposed by Vicsek et
al. (1995), more widely known as the Vicsek Model, who also considered the addition
of noise in the form of random velocity perturbations into the model.

Whether artificial or naturally occurring, all swarms tend to be characterised by three
main features (Bouffanais, 2016): (1) the lack of a central controller dictating the move-
ments of the individual agents, (2) the ability of agents to perceive local features of
the environment that is supplemented through the use of information sharing between
agents and, (3) the ability of the system to respond and adapt quickly to a dynamic en-
vironment. These features endow swarming systems with unique distributed problem
solving capabilities, making swarms an increasingly popular tool to solve many differ-
ent classes of problems, ranging from computational optimisation in the virtual realm,
to target search missions using physical robotic swarms in the real world.
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1.1 Swarm Intelligence Algorithms

Currently, the most widespread use of swarm intelligence is in computational opti-
misation. To that end, myriads of metaphor-based metaheuristics have been devel-
oped (Sörensen, 2015), the most well known of which are the Ant Colony Optimisa-
tion (ACO) (Dorigo, Birattari, and Stutzle, 2006) and the Particle Swarm Optimisation
(PSO) (Kennedy and Eberhart, 1995) algorithms. Such metaheuristics are examples of
multi-agent systems (MAS) and often involve the use of a virtual swarm of agents, also
known as candidate solutions, that attempt to construct a solution to the given optimi-
sation problem over a set number of iterations. The quality of a solution obtained by
an agent is exchanged with its neighbouring agents via some means of communication.
Agents then respond to these information exchanges by favouring exploitation of the
search space surrounding the solution of the highest fitness.

These metaheuristics have been successfully applied in various problems, ranging from
transport network planning (Babazadeh, Poorzahedy, and Nikoosokhan, 2011) to the
optimisation of hyperparameters of deep learning models (Qolomany et al., 2017).
However, similar to other optimisation metaheuristics, a common problem faced by
these types of algorithms is the exploration-exploitation dilemma. This dilemma stems
from the decision a system must make when choosing between whether to search the
environment for better options (exploration) or to make use of the information that it
currently has (exploitation). Exploratory and exploitative actions tend to be on two
opposing ends of the same spectrum and the failure to find a balance between the two
will result in suboptimal system performances—over-exploration results in the sys-
tem being unable to find global maxima or minima, while over-exploitation results in
the system being trapped by local optima. As such, there is a large body of research
dedicated to methods altering the exploration and exploitation characteristics of these
virtual swarms.

1.2 Swarm Robotics

A natural extension of swarm intelligence is their application in the domain of robotics
gave rise to swarming multi-robot systems (MRS) and the increasingly popular field of
swarm robotics. Such systems have been applied in a wide variety of tasks and mis-
sions such as area mapping (Kit et al., 2019; Sundram et al., 2019), decentralised deci-
sion making (Ebert et al., 2020), area monitoring and defence (Zoss et al., 2018; Shishika
and Paley, 2019), and target monitoring and capture (Zhang et al., 2019a; Esterle and
Lewis, 2020).

As defined by Şahin (2005), the concept of swarm robotics can be defined by the fol-
lowing distinguishing features:

• Autonomous robots - Physical mobile agents that are capable of physically inter-
acting with the natural environment. Such agents should also be able to make
decisions regarding its movements and actions independently.

• Large number of robots - It is generally accepted that a swarm should have a min-
imum of 10 to 20 agents. Despite this, there is no strictly defined lower bound
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for the number of agents within the swarm, meaning that it is possible for a
‘swarm’ to consist of a small number of robots. Regardless of the swarm size,
Şahin stresses the need to aim for scalability of the swarm and that the control
algorithm needs to be able to cope when operating within a larger system.

• Homogeneity - A swarm of robots needs to consist largely of the same physical
capabilities. While a swarm can consist of multiple homogeneous groups, the
number of robots in each group should be large. Systems consisting of agents
with a large variety of physical embodiments or behaviours, such as those used
in robo-football teams, are not considered to be robotic swarms under this defini-
tion.

• Relatively inefficient or incapable robots - Each agent should be incapable or rel-
atively inefficient at performing an assigned task by itself. As such, a robot needs
to operate within a swarm where the cooperation between robots of the system is
essential to effectively carry out a task.

• Local sensing and communications - Each agent within the swarm can only ob-
serve the features of its operating environment in the agent’s immediate vicinity.
In addition, each is unable to communicate with the entire swarm, ensuring that
the coordination of actions between agents remains decentralised.

Given these features, swarming MRS have three main advantages over their centrally
controlled counterparts (Dorigo, Theraulaz, and Trianni, 2021):

1. Scalability - The capacity of a system to continue functioning properly when the
number of its components substantially vary.

2. Flexibility - The capacity of a system to solve problems/perform tasks that depart
from those chosen at design time.

3. Robustness - The capacity of a system to continue working efficiently in environ-
mental conditions different from those considered at design time.

These attributes stem from the lack of a central controller that dictates the actions of
the individual agents. The decentralized nature of such systems divides up the overall
control of the MRS and gives individual robots the ability to make decisions based on
their local environment. This allows them to react quickly to changes in their surround-
ings (flexibility), and removes a central point of control, allows the system to continue
operations despite agent failures (robustness) and eliminates potential processing bot-
tlenecks (scalability).

In addition to these three widely accepted advantages, Vallegra et al. (2018) also showed
the advantages of swarming MRS brought on by being modular systems. The MRS’s
modularity allows for various upgrades and improvements to be trialled within the
system in an iterative fashion. This can be done without having to apply the upgrade
to the entire swarm potentially resulting in cost savings.
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1.3 Swarm Communications

As just stated, one of the defining features of a robotic swarm is the ability of its agents
to communicate with its neighbours in a decentralised fashion. This is a crucial com-
ponent in facilitating the coordination of agent actions, thereby allowing the MRS to
display emergent collective behaviours and accomplish tasks that are greater than the
sum of the system’s individual components’ abilities. In robotic swarms, these commu-
nications can take the form of messages being transmitted directly from agent to agent,
or can be passed between agents via signals each agent leaves behind in the environ-
ment in a process known as stigmergy. Using direct communications, robots are able
to send relevant information to their neighbours, such as their pose or measurements
of the local environment, mainly through radio communications (Thenius et al., 2016;
Kuan, 2018). In contrast, stigmergy is a form of indirect communication inspired by
ants where each agent shares information by changing the local characteristics of its
environment (Nedjah and Junior, 2019). This is most commonly done by leaving be-
hind markers through the use of tags (Tang et al., 2019) or by manipulating features of
the environment (Bayindir, 2016).

When using direct methods of communication, while it might be intuitive to enable
each agent to interact with as many other agents as possible, this is not necessarily al-
ways the case. In natural starling flocks, it has been shown that each individual bird
takes its cues from its 7 nearest neighbours instead of all birds within visual range (Bal-
lerini et al., 2008). Similarly, it has been shown that the number of neighbours within
an agent’s communication network affects the the overall level of responsiveness of a
swarming system to its environment, with very low and very high levels of connectiv-
ity being associated with low levels of system response (Mateo, Kuan, and Bouffanais,
2017; Mateo et al., 2019).

1.4 Target Search and Tracking

One of the more popular use cases for swarm robotics is in the field of looking for and
tracking one or multiple targets. Search and track algorithms can be applied in a wide
variety of scenarios, from civilian applications, such as search and rescue (López et al.,
2017; Wang and Meghjani, 2020) and environmental monitoring (Coogle and Howard,
2013), to defence related purposes, such as in the detection and clearing of underwater
mines (Tan and Bishop, 2004) and protecting a designated area from intruders (Shishika
and Paley, 2019; Alvarenga, Basilico, and Carpin, 2020). Due to the diversity of these
applications, many studies have been done in the context of several different frame-
works, such as the Cooperative Multi-Robot Observation of Multiple Moving Targets
(CMOMMT) framework established by Parker and Emmons, 1997, or the similar k-
coverage problem established by Huang and Tseng (2005). Most of these works fo-
cus on the response of individual agents to the presence of targets in its proximity or
the proximity of neighbouring agents (Khan, Rinner, and Cavallaro, 2018; Esterle and
Lewis, 2020). In addition to this, most works focus on the cases where targets travel
as fast as, or slower than the swarming agents. This is because the studies make the
assumption that an fast-moving evasive target will always be able to outmaneuver its
pursuers, making the task impossible and therefore trivial (Parker and Emmons, 1997;
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Parker, 2002). While Janosov et al. (2017) has shown in pursuit and evasion games in-
volving swarms that the capture of fast-moving targets is indeed possible, this study
was performed in the case where the agents had vision over the entire environment.
In addition, studies have not been conducted that look at the continued tracking and
pursuit of such targets.

1.5 Research Objectives and Approach

Given the lack of work done focusing on the search and tracking of fast-moving targets,
the main aim of this thesis is to answer the following research question:

How can an decentralised MRS be made to find and track a target that can move faster
than any of its component robots?

When studying an MRS carrying out such a task, there are also many other factors to
consider that affect its tracking performance, such as the target’s speed and type of
movement policy. In addition, there is a host of complications that may arise from the
incremental upgrade of swarming agents that use of heterogeneous swarms (Altshuler,
2009; Vallegra et al., 2018; Bennett, Bullock, and Lawry, 2021). These factors that affect a
system’s performance and the use of heterogeneous swarms will also be explored over
the course of this thesis.

In light of these issues, this thesis aims to aims to answer the following sub-questions:

• How can the amount of exploration and exploitation carried out by the swarm be
balanced?

• What factors affect a swarm’s optimum balance between exploration and ex-
ploitation?

• Under what conditions can a heterogeneous swarm be employed in a target search
and tracking mission without sacrificing system performance?

It should be noted that the heterogeneous agents used in this work all have the same
functionality and capabilities, with the exception of their maximum speeds. As such,
the heterogeneous MRS considered in this work still fall under the definition of swarm
robotics provided by Şahin (2005). However, it should also be pointed out that there
are also a growing number of truly heterogeneous swarms comprised of agents with
vastly different abilities, such as the subCULTron swarm by Thenius et al. (2016) and
Swarmanoid by Dorigo et al. (2013).

1.6 Contributions

Given the research questions to be answered, the main contributions of this thesis are
summarised as follows:

• A novel search and track strategy that enables both homogeneous and heteroge-
neous MRS to find and pursue fast-moving targets—targets that move faster than
their pursuing agents—in a scenario with limited agent sensing range. The tar-
gets to be tracked can move in both evasive or non-evasive patterns. This is done
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in a decentralised fashion and is achieved by using local force vectors to control
the movement of agents. The overall system’s exploration-exploitation dynam-
ics (EED) is controlled through the adjustment of three parameters: (1) the value
of k of an interconnecting k-nearest neighbour communications network, (2) the
length of an agent’s memory, tmem, and (3) an adaptive repulsion parameter that
controls an agent’s level of repulsion from its neighbours. This strategy is first
developed and tested within simulated environments before being validated by
its implementation within a physical MRS.

• A set of metrics that allow the quantification of a system’s exploration-exploitation
balance. While it is generally agreed that level of exploration and exploitation car-
ried out by a virtual swarm in optimisation problems can be characterised by the
amount of spread of the candidate solutions (Zhan et al., 2009), there is currently
no widely agreed upon metric that measures this quantity in physical MRS. As
such, a set of new metrics are also introduced in this thesis to allow the study of
a system’s swarm intelligence and quantify its EED.

• A study on the factors that affect a system’s EED balance. The work done in
this thesis shows that during the operation of an MRS, there is an optimum EED
balance at which a system’s performance is maximised. This balance is influenced
by several parameters that can change the system’s EED balance. Changes to
these factors can serve to bias the MRS towards carrying out a higher level of
exploratory or exploitative actions, driving the system away from its optimum
EED balance. Here in this thesis, the influence of some of these factors, namely:
the movement profile of the target(s), the number of targets present, the speed of
the targets, the agent density of the MRS, and the size of the MRS, are studied.
Analysing these effects will allow a swarm designer to adequately choose the
correct system parameters for their swarm, thereby maximising its performance.

1.7 Thesis Outline

The rest of this thesis is structured as follows:

• Chapter 2 introduces the concept of exploration and exploitation in a dynamic en-
vironment while using multi-agent systems. The aim of the chapter is to provide
a summary of the methods that can be used to control the balance between the
two activities. Given the range of activities in which MAS can be used, this chap-
ter focuses on controlling the exploration-exploitation balance in the context of
target search and tracking, as well as various related problems in computational
optimisation.

• Chapter 3 introduces the concept of target search and tracking. A basic swarm
strategy enabling a swarming MRS to carry out target search and tracking is intro-
duced, along with several metrics that allow for the quantification of a swarm’s
EED while carrying out a target search and tracking task. The strategy, which
employs a variable k-nearest neighbour network to vary the systems exploration-
exploitation balance, is implemented within a system tasked with searching for
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and tracking non-evasive targets while utilising swarms consisting of homoge-
neous and heterogeneous agents. The results obtained in simulations for the ho-
mogeneous swarm are also validated using a physical MRS tracking a virtual
target.

• Chapter 4 further builds on the strategy presented in Chapter 3 to adapt it for
use in tracking evasive targets. This is done through the introduction of agent-
based memory, which is another parameter that can be used to tune a swarm’s
EED balance. This updated strategy is tested using both homogeneous and het-
erogeneous systems tasked with tracking fast-moving evasive targets. The results
and observations made in simulations for the homogeneous case are corroborated
with those gathered from physical MRS experiments.

• Chapter 5 studies how the performance of both homogeneous and heterogeneous
systems varies according to the agent density. This study reveals three distinct
phases with varying tracking performances that correspond to a different swarm
densities and the influence of this density on a system’s ability to carry out explo-
ration and exploitation. The factors that affect when the three phases occurs are
also discussed in this chapter.

• Chapter 6 closes this thesis with a summary and a discussion on the results pre-
sented in this work. The prospects of future work stemming from the findings
laid out in this thesis are also discussed.
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Chapter 2

Balancing Exploration and
Exploitation

2.1 Introduction

The balance between exploration and exploitation is a crucial element in a target track-
ing task. This dilemma arises owing to the fact that gathering new information (i.e.,
exploration) and making use of currently available information (i.e., exploitation) tend
to be two mutually exclusive activities (Berger-Tal et al., 2014). Should a system favour
exploratory actions, it would be able to gather large amounts of knowledge with-
out being fully able to benefit from this knowledge. This may increase the time re-
quired for the MAS to accomplish its task or prevent it from achieving its assigned
task altogether (Dadgar, Jafari, and Hamzeh, 2016). On the other hand, should a sys-
tem favour exploitative behaviours, the system may be unable to adapt to changes
should it be deployed in a dynamic environment. Such exploitation-focused systems
may find also find themselves trapped in a local optimum if deployed in static en-
vironments (Azoulay-Schwartz, Kraus, and Wilkenfeld, 2004; Berger-Tal et al., 2014;
Mehlhorn et al., 2015). Despite this apparent trade-off between the two activities, both
sets of actions can be performed simultaneously (Stadler, Rajwani, and Karaba, 2014).
As such, one can expect that to maximise the performance of such a system, an opti-
mum balance, which is possibly a dynamic balance, between the amount of exploration
and exploitation carried out needs to be attained.

Given the importance of exploration–exploitation dilemma in MAS, this chapter fo-
cuses on introducing the dilemma in the context of MAS performing a target search or
target tracking task, as well as various related scenarios, such as computational optimi-
sation and resource foraging (tasks that both involve searching for points of interest).
In addition to this, it is shown how various agent actions can be classified as either ex-
ploratory or exploitative ones. The methods used by MAS practitioners to measure the
balance between exploration and exploitation as well as the methods that are currently

The content in this chapter has been published in Kwa, H.L., Kit, J.L., and Bouffanais, R. (2022).
“Balancing Collective Exploration and Exploitation in Multi-Agent and Multi-Robot Systems: A Review”.
In: Frontiers in Robotics and AI. 8:771520 DOI: 10.3389/frobt.2021.771520
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used to control this balance are also summarised. Readers already familiar with these
concepts should feel free to skip this chapter.

2.2 Characterising Exploration and Exploitation

The concept of exploration and exploitation is a broad and multi-disciplinary one and
is used in a variety of fields and contexts. As such, even within the field of target
search and tracking, there is no unique definition that is used to commonly define
these two behaviours. Nevertheless, these exploratory and exploitative actions can
be characterised by certain observable features. To this end, Mehlhorn et al. (2015)
identifies three key distinct features that distinguish between the two: (1) behavioural
patterns, (2) the uncertainties associated with an actor’s choices, and (3) the expected
outcomes as a result of an agent’s actions. It is important to note at this point that while
these three features classify the actions of a single agent, a single agent’s actions do not
characterise the exploration–exploitation dynamics (EED) of the entire MAS. It is only
through observing the actions of all or a proportion of a system’s agents that one is able
to accurately characterise the exploration–exploitation balance of an MAS.

An agent’s behavioural patterns are one of the most common definitions of exploration
and exploitation used as the movements it carries out is a physical quantity that can be
directly observed and measured. Many MAS practitioners use the agents’ movements
and observed positions to determine the system’s exploration-exploitation balance. For
example, in a target search context, when agents are close together or traveling towards
the same region of the area of operations, it can be assumed that they are exploiting a
common source of information (Jordehi, 2014). Conversely, if agents are moving away
from each other or in a random fashion, they can be assumed to be carrying out explo-
ration.

The less tangible aspect of an agent’s behavioural patterns are its intentions that drive
the observed actions. While not as obvious as an agent’s motions, these can still be
easily determined by querying the state of an individual agent in an engineered MAS.
Stadler, Rajwani, and Karaba (2014) posited in their review that exploration and ex-
ploitation are associated with a certain level of learning. Therefore it can be said that
an agent is carrying out exploitation if it uses previously acquired knowledge and car-
rying out exploration if it is not doing so (Gupta, Smith, and Shalley, 2006; Nauta,
Simoens, and Khaluf, 2020). Again, this is another common method of defining explo-
ration and exploitation in MAS, where certain practitioners have developed dedicated
behaviours that facilitate exploration and exploitation separately.

Besides observing an agent’s behavioural patterns, the amount of uncertainty associ-
ated with each action can also be used to classify exploration and exploitation. Through
this manner of characterisation, exploratory actions are associated with those that have
high levels of uncertainty, while exploitative ones are associated with low levels of un-
certainty. In MAS operating in unknown environments, these uncertainties are usually
presented in the form of a map that updates itself as the task progresses (Wolek et al.,
2020; Crosscombe and Lawry, 2021; Liu, Crosscombe, and Lawry, 2021). Using such
maps allows an agent to move towards regions of different levels of uncertainty based
on its intentions to carry out either exploration or exploitation. As such, an agent that
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moves towards or gathers information in an area with high uncertainty is deemed to be
carrying out exploration, while an agent doing the same in an region of low uncertainty
can be said to be carrying out exploitation.

Finally, the type of action an agent performs can be classified based on the expected
results of the said action. This is typically exemplified by observe-or-bet tasks. In such
a task, an agent is given a chance to ‘observe’ the environment and gain information
while not receiving any reward (exploration). Alternatively, the agent may ‘bet’ on an
option and receive its associated reward (exploitation), although the amount of reward
received remains hidden from the agent (Tversky and Edwards, 1966; Navarro, Newell,
and Schulze, 2016). While these tasks offer a very clear distinction between exploration
and exploitation, such contrasts are not as explicit in the study of real systems; agents
tend to know the quantity of a reward and the action that was performed that led
to the reward. These additional pieces of knowledge allow an agent to obtain more
information about its surrounding environment and allow agents to simultaneously
perform exploration and exploitation (Gupta, Smith, and Shalley, 2006).

As highlighted by Mehlhorn et al. (2015), these three characteristics need not be used to
define exploration and exploitation in isolation; two or more can be used to determine
the type of activity being carried out by an agent. For example, when searching for
environmental features in an unexplored environment, Matignon and Simonin (2018)
proposed using an MRS that built an occupancy grid map that increased in resolu-
tion as the task progressed. If a robot chose to move into a previously un-visited cell,
which is an action associated that is with learning and a high level of uncertainty, it
was determined to be exploring. If the robot chose to move to a cell with a known
object of interest or update its map of the local area with a higher resolution, an ac-
tion associated with obtaining a reward and a low uncertainty, it was determined to be
exploiting.

2.3 Measuring the Exploration-Exploitation Balance

Before the exploration-exploitation balance of a system can be adjusted, appropriate
metrics need to be defined to measure and quantify the balance between the two op-
posing activities. Like the definition of exploration and exploitation, these metrics are
task-dependent and there is no unique quantity that has been used to characterise the
exploration-exploitation balance of different systems.

In the field of computational optimisation, a typical strategy in finding a global op-
timum is through the use of an MAS consisting of many candidate solutions search-
ing the solution space. In this use case, the quantification and monitoring of the sys-
tem’s EED is important as doing so permits it to autonomously detect if the solutions
have been trapped in a local optimum or have stagnated. Doing so grants the system
the ability to autonomously modify several specified parameters, allowing it to “jump
out” and continue with its optimisation task (Palmieri and Marano, 2016; Bonyadi and
Michalewicz, 2017). Similarly in MAS operating in dynamic environments, these mea-
surements also allow a system to monitor and prevent solution diversity loss, allow-
ing systems to track moving optima over time (Blackwell and Branke, 2006; Leonard,
Engelbrecht, and Wyk, 2011; Jordehi, 2014). At this point, it should be noted that a
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system’s diversity is analogous to the amount of exploration it carries out. The metrics
used by the studies covered in this review largely fall within the categories of spatial
distribution based metrics or probability based metrics, although there are also other
metrics that have been used that do not fall within these two categories.

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

2.3.1 Spatial Distribution Based Metrics

Similar to classifying an agent’s actions based on its behaviour and movement pat-
terns, the use of metrics based on the agents’ spatial distribution is very popular as it
is a physical quantity that can be easily observed, measured, and calculated. As previ-
ously mentioned, to quantify the level of exploration and exploitation in computational
MAS, the solution diversity of a system is usually calculated. This solution diversity is a
measure of the spatial distribution of all candidate solutions within the feasible region.
Cheng et al. (2015) based their diversity metric on the average distance of each candi-
date from the mean solution. Hussain et al. (2019) adapted this metric for use in their
study of swarm-based metaheuristic algorithms by using the median solution instead
of the mean as it reflected the population centre of the candidate solutions more accu-
rately. In a similar fashion, Zhan et al. (2009) calculated a population standard deviation
to measure the solution spread. In essence, all these metrics are essentially based on
low-order indicators of the statistical distribution of all the candidate solutions.

Comparable metrics are in use to measure the amount of exploration and exploitation
carried out by agents within MRS. As seen with the metrics used in computational
optimisation, measuring the the spatial distribution of agents is also used to quantify
the level of exploration and exploitation. In their target search task, Dadgar, Couceiro,
and Hamzeh (2017) and Dadgar, Couceiro, and Hamzeh (2020) measured the diversity
of individual robots within their MRS by calculating the amount of overlap between
a robot and its neighbours’ search areas. Agent sensor area overlap was also used by
Sardinha, Dragone, and Vargas (2020a) who calculated the size of the area covered by
at least two agents as a measure of the amount of effective exploration performed by
their swarm in a surveillance task. This metric is similar to the one used by Esterle and
Lewis (2017), Esterle and Lewis (2020), and Frasheri, Esterle, and Papadopoulos (2020)
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who used a k-coverage metric that calculated the amount of time a target spent being
tracked by at least k agents.

Stogiannos, Alexandridis, and Sarimveis (2020) measured the level of exploration and
exploitation by tracking three metrics: (1) the minimum distance between agent pairs,
(2) the sum of the distances between detected targets and their closest agents, and (3)
the distance moved by each agent over the course of one time-step. While often not
explicitly stated, the distance between a robot and its neighbours is the most com-
mon measure of diversity as most MRS control methods tend to focus on preventing
excessive aggregation or crowding in small areas (Hereford and Siebold, 2010; Meyer-
Nieberg et al., 2013; Lv et al., 2016; Meyer-Nieberg, 2017; Chen and Huang, 2019; Co-
quet et al., 2019; Coquet, Arnold, and Bouvet, 2021).

The lack of distance measurements does not preclude the use of spatial distribution
metrics. As a proxy for the amount of exploitation performed by each robot, Yang,
Wang, and Bauer (2019) calculated a communications-based aggregation degree from
the number of neighbours within visual range, with higher numbers of agents within
visual range suggesting a higher amount of aggregation. This eliminates the need to
share positional information between agents, allowing an agent to reduce the amount
of information an agent needs to send during each radio transmission. In an adaptation
to the BEECLUST algorithm, which was first proposed by Kernbach et al. (2009) and
Schmickl et al. (2009), Wahby et al. (2019) determined the level of local aggregation, and
therefore the level of exploitation of individual agents, by measuring the time interval
between two consecutive neighbouring robot encounters.

The aggregation degree may not necessarily need to be calculated with the use of spa-
tial information. In performing a search for multiple targets using several sub-swarms
comprised of leaders and followers, Tang et al. (2020b) calculated the aggregation of
the sub-swarms by comparing the fitness value of each sub-swarm leader to the mean
fitness value of all the leaders within the swarm. This is similar to the aggregation de-
gree proposed by Yang et al. (2007), who calculated the ratio between the agent with
the lowest fitness value and the agent with the highest fitness value. A list of works
using spatial metrics to quantify an MAS’ EED can be found in Table 2.1.

2.3.2 Probability Based Metrics

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

P (l) ⇠ l
�µ

, (2.1)

where µ is the Lévy parameter controlling the shape of the probability distribution
function. Using this probability distribution function, lower values of µ close to unity
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Reference Metric Task

Sardinha, Dragone, and Vargas,
2020a

Area observed by at least two
agents

Area Cover-
age

Blackwell and Branke, 2006; Black-
well, 2007; Hereford and Siebold,
2010; Leonard, Engelbrecht, and
Wyk, 2011; Jordehi, 2014

Euclidean distance between
solutions

Optimisation

Cheng et al., 2015 Euclidean distance between
solution and mean system so-
lution

Optimisation

Hussain et al., 2019 Euclidean distance between
solution and median system
solution

Optimisation

Zhan et al., 2009 Standard deviation of all can-
didate solutions

Optimisation

Tang et al., 2020b Fitness value between sub-
swarm leaders and mean fit-
ness value

Optimisation

Schmickl et al., 2009; Wahby et al.,
2019

Local agent density Optimal
Area Aggre-
gation

Palmieri and Marano, 2016;
Dadgar, Jafari, and Hamzeh, 2016;
Dadgar, Couceiro, and Hamzeh,
2017; Dadgar, Couceiro, and
Hamzeh, 2020

Agent sensor overlap region Target
Search

Meyer-Nieberg et al., 2013; Lv
et al., 2016; Meyer-Nieberg, 2017;
Chen and Huang, 2019; Coquet
et al., 2019; Coquet, Arnold, and
Bouvet, 2021

Euclidean distance between
agents

Target
Search

Yang, Wang, and Bauer, 2019 Number of agents within vi-
sual range

Target
Search

Esterle and Lewis, 2017; Esterle
and Lewis, 2020; Frasheri, Esterle,
and Papadopoulos, 2020

k-Coverage Target Track-
ing

Stogiannos, Alexandridis, and
Sarimveis, 2020

Distance between agents, dis-
tance between targets and
agents & distance moved by
agents in one time-step

Target Track-
ing

TABLE 2.1: List of works using spatial distribution metrics to quantify MAS exploration and
exploitation.
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lead to a higher probability of longer walk lengths between direction changes, which
is associated with higher levels of exploration. Conversely, higher values of µ cause an
agent to preferentially carry out shorter walks between changes of direction, charac-
teristic of higher levels of exploitation (Viswanathan et al., 2000; Viswanathan, Raposo,
and Luz, 2008). The Lévy parameter has been used as a method of quantifying and
controlling the level of exploration and exploitation of various MRS applied in different
tasks, ranging from foraging (Zedadra et al., 2019; Nauta, Khaluf, and Simoens, 2020;
Nauta, Simoens, and Khaluf, 2020; Nauta et al., 2020), to target search (Senanayake
et al., 2016; Harikumar, Senthilnath, and Sundaram, 2019; Pang et al., 2019), to area
mapping (Ramachandran, 2018; Kegeleirs, Ramos, and Birattari, 2019; Ramachandran,
Kakish, and Berman, 2020). Methods that employ changes of the Lévy parameter will
be explored later in Section 2.4.1.

In addition to the use of Lévy distributions, action probabilities can be used to set the
level of exploration and exploitation carried out by an MRS. To search for a target,
Matignon and Simonin (2018) used action probabilities to bias an agent in favor of
carrying out either exploratory or exploitative actions. In a similar fashion, Falcón-
Cortés, Boyer, and Ramos-Fernández (2019), Nauta, Simoens, and Khaluf (2020), and
Nauta, Khaluf, and Simoens (2020) uses the probability of an agent using information
in its memory as means of determining and controlling the level of exploration and
exploitation of the system. A list of works using such probability based metrics can be
found in Table 2.2 for different tasks.

Reference Metric Task

Ramachandran, 2018; Kegeleirs,
Ramos, and Birattari, 2019; Ra-
machandran, Kakish, and Berman,
2020

Lévy parameter Area Mapping

Zedadra et al., 2019; Nauta et al.,
2020

Lévy parameter Resource Forag-
ing

Falcón-Cortés, Boyer, and Ramos-
Fernández, 2019; Nauta, Khaluf,
and Simoens, 2020; Nauta,
Simoens, and Khaluf, 2020

Lévy parameter and
memory utilisation prob-
ability

Resource Forag-
ing

Viswanathan et al., 2000;
Viswanathan, Raposo, and Luz,
2008; Harikumar, Senthilnath, and
Sundaram, 2019; Pang et al., 2019

Lévy parameter Target Search

TABLE 2.2: List of works using probability based metrics to quantify MAS exploration exploita-
tion dynamics.

2.3.3 Other Metrics

In addition to the metrics based on spatial distribution and probability just discussed,
there are a few other metrics used by various works that do not fit into these two broad
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categories. For example, when carrying out a search for multiple targets under the
Cooperative Multi-Robot Observation of Multiple Moving Targets (CMOMMT) frame-
work, Banfi et al. (2015) introduced a metric known as the tracking fairness that mea-
sures the monitoring effort of the MRS across all targets. Should a target receive more
attention from the MRS’ agents, the system would have a high tracking fairness score,
indicating over-monitoring of a target or too much exploitation being carried out by
the system. Conversely, a low fairness score indicates that the agents are monitoring all
the targets evenly and that there is a good balance between exploration and exploita-
tion.

To develop a tracking strategy for the same CMOMMT problem using deep reinforce-
ment learning Yan, Jia, and Bai (2021) used an occupancy grid map (OGM) to charac-
terise the environment. A tracking fairness based metric was then used, comparable to
the one proposed by Banfi et al. (2015), as well as an exploration metric based on the
latest observation time of all grid cells in the OGM.

The metrics used to measure the exploration-exploitation balance presented in the later
chapters of this thesis is also unable to be classed within the umbrellas of spatial dis-
tribution and probability based metrics. In this work, two metrics are proposed. The
first is based on an agent’s direction of travel and its bearing to the target. This allows
for an individual agent’s contribution, and hence the system’s overall exploration and
exploitation dynamic to be quantified. Should an agent’s position relative to a target
be unable to be determined (e.g., when tracking multiple targets), a second metric is
proposed based on a swarm’s engagement ratio. The use of this ratio allows for the
quantification of a swarm’s EED in the presence of multiple targets by finding the pro-
portion of agents actively moving towards a target. These two metrics will be further
discussed in Chapter 3.

2.4 Agent Response Methods

With the quantification of a system’s exploration-exploitation balance, this balance be-
tween the two activities can now be controlled. The most common method of adjust-
ing this balance is by changing an MAS agent’s actions in response to locally measured
variations in the environment or information originating from the agent’s neighbours.
This method of controlling exploration and exploitation can elicit two types of response
from an agent: (1) trigger a discrete change in state of an agent, causing it to perform
a predefined set of actions associated to either exploration or exploitation, or (2) cause
a small change in an agent’s actions, resulting in a small change in bias of the agent’s
actions towards either end of the exploration or exploitation spectrum. A visual rep-
resentation of the types of agent response methods used can be found in Fig. 2.1. Of
the methods shown in the figure, methods involving area-task assignments will not be
covered in this thesis and was only included for completeness. This is because such
methods are primarily used in scenarios where an MAS carries out distributed task
allocation, which is not the focus of this work. Similarly, strategies based on the Artifi-
cial Immune System (AIS) will not be covered as they are also primarily used for task
assignment scenarios.
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Agent Response Methods

Changes in State

Small Response Change

Area-Task Assignment

Self-Determined State Change

Assigned State Change

Dedicated Strategies

Artificial Immune System

Lévy Parameter Changes

Dynamic Agent Assignment

Preassigned Roles

Attraction-Repulsion Dynamics

Random Walks

Time Intervals

FIGURE 2.1: Classification of different agent response methods to control an MAS’ exploration-
exploitation balance.

2.4.1 Changes in State

When deploying changes in agent states, a large change in an agent’s behaviour is
effected in response to a given stimulus observed by either an agent, a subset of agents,
or the entire MAS itself. This gives agents the ability to switch from an exploratory to
an exploitative behaviour, and vice-versa allows for them to better adapt to their local
environment, with the aim to improve the overall performance of the system. These
strategies tend to base their exploration strategies on random walks (Zedadra et al.,
2017), followed by information exploitation driven by either a metaheuristic algorithm
or direct travel towards a point of interest should one be detected. A flowchart of such
changes in agent response can be seen in Figure 2.2.

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

Self-Determined State Changes

In decentralised systems, changes in an agent’s state stem from its own reaction to
changes in its local environment. Based on this information, an agent decides for itself
if it will carry out exploratory or exploitative actions. When determining their own
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Start

Area exploration via
random walk 

Point of Interest
Found?

Exploit Point of
Interest 

Yes

No

Task Complete? 

Point of Interest
no longer

exploitable 

End
Yes

No

Visual Paradigm Online Free Edition

Visual Paradigm Online Free Edition

FIGURE 2.2: Flowchart detailing how an agent deterministically decides on its response when
provoked by environmental stimuli.

state in response to their environment, an agent normally takes into account local ob-
servations carried out by itself as well as information originating from its neighbours.
This allows an agent to react quickly to any changes in its local environment, allowing
the MAS to retain its system flexibility. Agents are also not reliant on a leader or cen-
tral controller assigning it an appropriate response, allowing the system to maintain its
scalability and robustness. However, given this decentralised control strategy, the MAS
will have less control over the overall amount of exploration and exploitation carried
out. A list of such strategies and associated tasks can be found in Table 2.3.

Dedicated Exploration and Exploitation Strategies In various systems, agents may
switch between pre-programmed exploratory and exploitative behaviours. To cap-
ture multiple static targets, the approach proposed by Li et al. (2014) initialised their
agents with a random search behaviour to explore the environment. In most works
involving simulations, a target signal is modeled by using an objective value function,
representing the type of information to be exploited by the MAS (e.g., radio signal in-
tensity, chemical plume concentration, etc.). When a target signal was encountered,
agents would then employ a Particle Swarm Optimisation (PSO) algorithm, allowing
the system to exploit the target signal and capture the target. After capturing the target,
the agents would revert to their original state and resume their random environment
search.

Similar changes in state and strategy have been utilised in searching for and track-
ing dynamic targets. In the tracking of multiple dynamic objects of interest under the



Chapter 2. Balancing Exploration and Exploitation 18

Reference Strategy Task

Hecker, Carmichael,
and Moses, 2015

Random walk search phase & agent assign-
ment exploitation phase

Resource
Foraging

Nauta, Khaluf,
and Simoens, 2020;
Nauta, Simoens, and
Khaluf, 2020

Lévy Walk exploration & memory driven
exploitation

Resource
Foraging

Zedadra et al., 2018;
Zedadra et al., 2019

Dedicated exploration & exploitation Lévy
parameters

Resource
Foraging

Li et al., 2014; Zhang,
Zeng, and Xue, 2014

Random search & PSO tracking strategy Target Cap-
ture

Kolling and Carpin,
2006; Kolling and
Carpin, 2007; Esterle
and Lewis, 2017;
Esterle and Lewis,
2020

Random search & target following strategy Target
Tracking
(CMOMMT)

Frasheri, Esterle, and
Papadopoulos, 2020

Pattern search & target following strategy Target
Tracking
(CMOMMT)

Harikumar,
Senthilnath, and
Sundaram, 2019

Dedicated exploration & localisation Lévy
parameters

Target Sup-
pression

TABLE 2.3: List of works using self-determined state change strategies to influence a system’s
exploration and exploitation dynamics.

CMOMMT framework, Esterle and Lewis (2017) and Esterle and Lewis (2020) pro-
grammed their agents to initially explore the area randomly. However when an object
of interest was detected, it would transition into a tracking mode, change its response,
and ultimately alter its velocity to follow that point of interest. The authors were able to
demonstrate that this mixed strategy of random motion and following a target yielded
better tracking performances than an exploration-only strategy in which the agents
only move around randomly.

Changes in state may also be triggered by signals originating from neighbouring agents.
In their work tracking multiple targets, Kolling and Carpin (2006) and Kolling and
Carpin (2007) explored the use of so-called ‘help calls’ broadcast from an agent when
a target is predicted to be leaving its observation range. Other robots that receive this
help call that are not involved in tracking a target move towards the robot request-
ing help to assist with the tracking task. The use of help calls is also explored by Es-
terle and Lewis (2017) and Esterle and Lewis (2020) who studied their applications
in conjunction with various response and communication models. Frasheri, Esterle,
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and Papadopoulos (2020) expanded on this work, incorporating a willingness to inter-
act parameter that determined the propensity of an agent to aid in the tracking of a
target.

Agents are also able to form dynamic groups dedicated to exploiting information stem-
ming from a point of interest. The formation of groups is more commonly done to-
gether by means of a central controller or through a locally designated leader. How-
ever, these dynamic groups can still be formed using decentralised decision-making.
Zhang, Zeng, and Xue (2014) proposed a strategy to search for multiple targets in which
agents are initialised in the random-walk search mode. When a target is found, a dy-
namic group comprised of a maximum of 10 agents is formed. Agents in this group
exploit the target’s emitted signal through the use of a PSO algorithm. At each time-
step, agents broadcast their measured target signal strengths and individually decide
if they should join or leave the group.

Lévy Parameter Changes Instead of using vastly different movement policies to ef-
fect changes in the response of agents, agents using Lévy walks can vary their Lévy
parameter. As explained in Section 2.3.2, changing the Lévy parameter µ can be used
to influence the overall EED of an MAS; higher Lévy parameter values are used to
shorten the walk lengths of agents, prioritising exploitation, while conversely lower
µ values increase walk lengths and hence favour exploration. As such, several MAS
make use of changing their Lévy parameter to influence its EED instead of using dedi-
cated exploration and exploitation algorithms.

In a resource foraging task, Nauta, Khaluf, and Simoens (2020) and Nauta, Simoens,
and Khaluf (2020) paired their use of changing Lévy parameters together with agent
based memory to exploit resource dense patches in an environment. For a system
tasked with locating resources in an environment, Zedadra et al. (2018) and Zedadra et
al. (2019) used a time-based system paired with a ‘satisfaction’ parameter to determine
the transition from the exploitation mode to the exploration mode. When exploring,
the MAS used a small Lévy parameter to generate long-step sizes. This was changed to
favour smaller steps when a target was found to encourage exploitation. While in the
exploitation mode, an agent’s satisfaction parameter value was increased for each time-
step a target was encountered and decreased when no target was met. An agent would
only transition from the exploitation to exploration when both the satisfaction value
reached zero and the minimum time limit for the exploitation mode was reached.

To determine the location of forest fires, Harikumar, Senthilnath, and Sundaram (2019)
proposed using a temperature threshold to determine an agent’s state. In their MAS, all
agents are initialised in a searching state, using a low µ value to direct area exploration.
Should an agent detect a temperature higher than a specified threshold value, it would
transition to a more exploitation-focused strategy by employing either a directional-
driven Brownian search or regular Brownian search strategy, drawing from a Lévy
probability distribution function with a higher µ value.
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Assigned State Changes

While self-determined changes in state are mostly found in fully decentralised sys-
tems, assigned state changes can be found in fully centralised systems, i.e., systems
where the movement of all agents is dictated by a central controlled, and hierarchi-
cal systems, i.e., systems with designated ‘leader’ agents determining the actions of a
small proportion of agents. Using assigned state changes, when a stimulus is found,
only a specific subset of the system comprised of a fixed number or predefined subset
of agents is assigned to exploit the new stimulus information. This is in contrast to the
strategies seen in the previous section in which agents are able to decide for themselves
if they should switch behaviours. Using such behaviours allows for greater and more
precise control over the exploration-exploitation balance of an MAS. However due to
the more centralised nature of such strategies, a system must sacrifice a certain degree
of flexibility, scalability, and robustness. Using this class of strategies, the assignment
of roles and responses to agents can either be done dynamically as the task progresses,
or during the initialisation process. A list of works assigning agent response patterns
can be found in Table 2.4.

Dynamic Agent Assignment While using assigned state changes does indeed reduce
a system’s flexibility, a certain degree of flexibility can still be retained by having agents
assigned to designated targets while a mission is being carried out. Ni and Yang (2011)
demonstrated a dynamic agent assignment strategy when carrying out a target search
mission in a 2D environment. In their task, agents initially started performing a ran-
dom walk to explore the environment. Upon discovering a target, a leader agent is des-
ignated to coordinate a dynamic group comprised of four agents. While these agents
pursue the discovered target, the rest of the agents continue with exploring the environ-
ment. Ni et al. (2018) later built on this work and demonstrated this type of strategy to
search for and pursue targets in an underwater 3D environment. The agents employed
initially used a Lévy flight-based cruise phase to search for one of multiple targets.
When a target is found, a sub-swarm is formed using a centralised self-organizing map
(SOM). Only members of this sub-swarm carry out exploitation of the target’s signal
through the use of the Dolphin Swarm Algorithm (DSA) while the rest of the agents
continue exploring the search area. In both strategies, after successfully capturing the
target, the pursuing sub-swarm’s agents disband and continue with the search process
by reverting to the cruise phase. Key to this strategy is the dynamic nature of the sub-
swarm’s membership, meaning that agents in the sub-swarm may be replaced should
it stray too far from the target.

In their work done on tracking and monitoring of multiple dynamic targets with UAVs
in a 3D environment, Farid et al. (2018) employed a strategy where all agents carried
out a patrol phase based on the Lévy flight. When a target is detected, the agent closest
to the target is designated as leader. The leader selects the next two agents that are
nearest to the target’s location to form a sub-swam comprising of three agents. Only
members of this sub-swarm transition to a PSO-based tracking mode to exploit this
information. This pursuit is maintained until the target leaves the surveillance area.
Should the original agents move too far away from the target, the sub-swarm leader is
able to substitute the original agents with others that are closer to the target.



Chapter 2. Balancing Exploration and Exploitation 21

Reference Strategy Task

Sánchez, Vargas, and Cou-
ceiro, 2018

Dynamic sub-swarm membership Area Explo-
ration

Thenius et al., 2016; Hamann,
2018

Dedicated environment explo-
ration and long term monitoring
(exploitation) agents

Environment
Monitoring

Carlisle and Dozier, 2000; Hu
and Eberhart, 2002; Zhan et
al., 2009

Forced re-initialisation of a subset
of candidate solutions

Optimisation

Blackwell and Bentley, 2002;
Blackwell and Branke, 2006;
Blackwell, 2007

Dedicated exploratory and ex-
ploitative particles

Optimisation

Couceiro, Rocha, and Ferreira,
2011c; Couceiro, Rocha, and
Ferreira, 2011a; Couceiro et
al., 2014b; Couceiro and Por-
tugal, 2018

Dynamic sub-swarm membership Target
Search

Wang and Meghjani, 2020 Search strategies assigned based
on agent’s distance to target and
target-to-searcher ratio

Target
Search

Yan et al., 2018 Forced re-initialisation of robots Target
Search

Wang and Cavallaro, 2016;
Schranz and Andre, 2018

Predetermined static agents for
target search and mobile agents for
target tracking

Target
Tracking
(CMOMMT)

Cao and Sun, 2017; Cao and
Sun, 2018; Ni and Yang, 2011;
Ni et al., 2018; Ge, Chen, and
Xu, 2018; Farid et al., 2018

Specified number of agents closest
to target chosen to utilise a target
tracking strategy

Target Track-
ing

TABLE 2.4: List of works using assigned agent responses to influence a system’s exploration
and exploitation dynamics.
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Similar techniques that assign agents to targets have also been demonstrated by Ge,
Chen, and Xu (2018) in aquatic surface operations and by Cao and Sun (2017) and Cao
and Sun (2018) in underwater operations. Instead of using a random walk, the authors
generate a potential field fitness function based on unexplored areas of the environ-
ment and the location of obstacles within the operating area. Exploration is carried out
through the use of a PSO algorithm that makes use of this potential field by driving
agents towards unexplored regions of the environment. When a target is found, the
four agents closest to the target enter a tracking mode and are assigned to pursue that
target until it is caught. This is achieved through the use of a PSO algorithm on the tar-
get’s emitted signal, driving the agents towards the target’s location. Upon a successful
target capture, these agents revert to the search mode to continue the search for more
targets. In another study done on search and rescue strategies by Wang and Meghjani
(2020), searcher strategies are assigned to an agent based on the agent’s distance to a
potential target and the ratio of searchers to targets.

Unlike the works just discussed, size of the sub-swarms need not be fixed. In Cou-
ceiro, Rocha, and Ferreira (2011c), Couceiro, Rocha, and Ferreira (2011b), Couceiro et
al. (2014b), and Couceiro and Portugal (2018), work was done on a Robotic Darwinian
PSO (RDPSO) and adapted for use with ground robots from the original Darwinian
PSO by Tillett et al. (2005). Sánchez, Vargas, and Couceiro (2018) later expanded on this
work with applications using underwater robots carrying out exploration in a 3D envi-
ronment. This strategy balances the swarm’s EED through social exclusion or inclusion
of agents and is done by splitting the MRS into multiple sub-swarms and independent
‘wanderers’ that search for the solution individually. All of these sub-swarms exe-
cute the same target tracking strategy independently and there is no direct information
transfer between different sub-swarms. However, there are some system-level rules
applied during each iteration that serve to ensure that the sub-swarms’ membership
remains dynamic, thereby facilitating indirect information transfer between different
groups.

In numerical optimisation, where it is easier to control the movement of individual
agents, it may be decided that sub-swarms may not be needed and that they should
be dispersed. As such, a common strategy observed in this field is to trigger the re-
initialisation of particles within the search space (Carlisle and Dozier, 2000; Hu and
Eberhart, 2002; Zhan et al., 2009). Using these strategies, a central controller will com-
mand the agents to reset their positions to a random location within the search space
after a predefined time period or when a large change is detected in the environment.
The strategy was adapted for use in robotics by Yan et al. (2018) for leak source de-
tection. In their proposed strategy, the average fitness value of each agent was calcu-
lated and a subset of agents that had a fitness value less than the system mean were
instructed to restart their search process from a different location.

Preassigned Roles Besides dynamic response assignment, agents can be assigned a
response pattern during their initialisation. Doing so allows for greater control over
the system’s behaviour and exploration and exploitation balance in exchange a lower
level of system flexibility. In numerical optimisation to find a global optimum, Black-
well and Bentley (2002), Blackwell and Branke (2006), and Blackwell (2007) proposed
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a PSO swarm inspired by the atomic model. This virtual swarm consists of agents
clustered close to each other, which are dedicated to solution exploitation, and agents
surrounding the central cluster, which are dedicated to exploration.

In the context of MRS, while agents with preassigned roles are more commonly used
in environmental monitoring situations, such as the subCULTron MRS (Thenius et al.,
2016). However, there have been some applications of this type of strategy in target
tracking scenarios. In the tracking mobile targets, Wang and Cavallaro (2016) and
Schranz and Andre (2018) proposed a hybrid camera system consisting of mobile and
static cameras. In their systems, static cameras were used as dedicated exploratory
agents to identify targets within the area of coverage. Mobile cameras were then used
to exploit information coming from the static cameras and were assigned to pursue the
detected targets as directed by a central controller.

2.4.2 Small Response Changes

In contrast to the large changes in state just discussed, another way of controlling the
exploration-exploitation balance of a system is by permitting agents to effect smaller
changes in their own response patterns. While these minor adjustments of an agent’s
behaviour on an individual level may not result in such drastic changes in a system’s
overall EED, they allow for more precise adjustments of the level of exploration and ex-
ploitation carried out by an MAS. A list of such strategies can be seen in Table 2.5.

Attraction-Repulsion Dynamics

Effecting changes to an agent’s attraction and repulsion strength with respect to its
neighbours or specified points in the environment is one of the more common small
response changes used in both the development of strategies for use in MRS, as well
as the modelling of natural systems (Kamimura, Masumoto, and Ohira, 2015; Wang
et al., 2022). Increasing an agent’s repulsion strength has the effect of augmenting the
amount of exploration carried out by that agent. Conversely, increasing an agent’s
level of attraction favours more exploitative actions. Done across an entire MAS, this
allows for regulation of a system’s EED. When applied within an MRS context, the
inter-agent repulsion also generates a collision avoidance behavior as a byproduct of
this mechanism. Most repulsion vectors are calculated as follows:

Vi =
a

kxi,tkd
xi,t

kxi,tk
, (2.2)

where a is the set repulsion parameter, d is a constant, and xi,j is the vector from an
agent i to a point of repulsion j. This point of repulsion is usually a neighbouring
agent and using an equation similar that seen in Equation 2.2 results in higher repulsion
strengths being generated when two agents are close together. Hence, when using
such repulsion equations, agents are strongly repelled from each other when they are
immediately next to each other (see Fig. 2.3), thereby discouraging excessive clustering
and thus deterring over-exploitation of the environment.
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Reference Strategy Task

Schumer and Stei-
glitz, 1968; Azad and
Hasançebi, 2014; Hansen
and Ostermeier, 2001;
Hansen, 2006

Adaptive step size Optimisation

Blackwell and Bentley,
2002

Exponential inter-agent repulsion
strength

Optimisation

Kernbach et al., 2009;
Schmickl et al., 2009; Bodi
et al., 2012; Bodi et al.,
2015; Kengyel et al., 2016;
Wahby et al., 2019

Varying agent wait time based on
local fitness value

Optimal Area
Aggregation

Pang et al., 2019; Nauta et
al., 2020

Variable Lévy parameter Resource Forag-
ing

Sardinha, Dragone, and
Vargas, 2020b

Variable Lévy parameter & inter-
ruption of Lévy walks

Resource Forag-
ing

Hecker, Carmichael, and
Moses, 2015

Random walk that gradually be-
comes more directed

Resource Forag-
ing

Hayes, Martinoli, and
Goodman, 2002; Jatmiko,
Sekiyama, and Fukuda,
2007

Exponential inter-agent repulsion
strength

Target Search

Sutantyo et al., 2013 Using Lévy walks and Firefly op-
timisation algorithm to generate
points of attraction for each agent
with different attraction weights

Target Search

Zhang et al., 2019a SRLA and SRLAMR agent interac-
tion schemes

Target Search

Coquet et al., 2019; Co-
quet, Arnold, and Bouvet,
2021

Exponential inter-agent repulsion
and attraction strength

Target Tracking

Parker and Emmons,
1997; Parker, 2002;
Kolling and Carpin, 2006;
Kolling and Carpin, 2007

Linear inter-agent repulsion
strength & variable target attrac-
tion strength

Target Tracking
(CMOMMT)

TABLE 2.5: List of works using small response changes to influence the level of exploration and
exploitation of an MAS.
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FIGURE 2.3: Inter-agent interaction forces generated by various repulsion and attraction
schemes. Positive values indicate an attractive force and negative values indicate a repulsive
force.

In a swarming MRS developed to find the source of a dynamic odour plume, Jatmiko,
Sekiyama, and Fukuda (2007), inspired by the Charged PSO algorithm developed by
Blackwell and Bentley (2002), increased the strength of an inter-agent repulsion param-
eter when robots came within a predefined distance of each other to avoid high levels
of clustering within too small an area. It should be noted that in the experiments done
by Jatmiko, Sekiyama, and Fukuda (2007), the size of the environment and the num-
ber of robots in operation, and hence the global average swarm density, are known a
priori. This allowed for the authors to tailor the repulsion parameters and optimise the
robot’s search behavior accordingly (Hayes, Martinoli, and Goodman, 2002). A similar
repulsion scheme was adapted by Coquet et al. (2019) and Coquet, Arnold, and Bouvet
(2021) for use in their dynamic target tracking swarm.

In addition to inter-agent repulsion to prevent excessive aggregation when tracking
multiple mobile targets, Parker and Emmons (1997) also varied an agent’s attraction
strength to a target based on the distance between an agent and the target, with tar-
gets further away triggering a weaker attraction response. Furthermore, the authors
also implemented agent-target repulsion when an agent moved too close to a target to
prevent excessive exploitation. Developing this strategy further, Parker (2002), Kolling
and Carpin (2006), and Kolling and Carpin (2007) reduced the weight of the point of
attraction generated by targets already being tracked, preventing the overlap of robot
sensing areas, further reducing the over-exploitation of a target. In these works, a lin-
ear repulsion function was used, as seen in Fig. 2.3, instead of the exponential function
that is normally used.
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In a target search task, Sutantyo et al. (2013) ignored inter-agent repulsion and focused
only on the use of attraction by combining the Lévy walk together with a Firefly Opti-
misation algorithm to generate a velocity vector for each agent at each time-step. An
agent’s velocity is influenced by the attractiveness value of other agents within its com-
munications range, encouraging exploitation, and a random point within the environ-
ment obtained from a Lévy distribution, encouraging exploration. Using the proposed
strategy, an agent’s attractiveness is based on a function on the amount of time elapsed
since it last encountered a target. An agent that sees a neighbour with a high level of at-
tractiveness will bias its movements more towards that neighbour rather than towards
the point of exploration.

Besides the inter-agent repulsion behaviour more commonly utilised, Zhang et al. (2019a)
also implemented an inter-agent short range repulsion and long range attraction (SRLA)
component within their strategy based on inter-agent distances, effectively preventing
excessive exploration for their k-capture game carried out by an MAS. In addition to
this, they developed a Short Range Repulsion Long Range Attraction Medium Range
Repulsion (SRLAMR) scheme where the inter-agent force transitioned between repul-
sion and attraction depending on the inter-agent distance. These two attraction and
repulsion schemes were derived from the work done by Gazi and Passino (2004) and
Chen, Liao, and Chu (2011) and can be seen in Fig. 2.3. Comparing these schemes with
the exponential repulsion schemes, the authors found that using the exponential repul-
sion scheme resulted in too much exploration, preventing targets from being captured,
while the SRLA and SRLAMR schemes promoted agent clustering, facilitating the cap-
ture of targets. However, the SRLAMR scheme outperformed the SRLA scheme due to
the former resulting in the dynamic formation and dissolution of agent clusters over
time. These clusters were also distributed across the search space, demonstrating a bal-
ance between exploration and exploitation, allowing the system to capture fast-moving
targets. By combining and adjusting the strength of separate inter-agent attraction and
repulsion fields, Coquet, Arnold, and Bouvet (2021) have demonstrated that a stable
equilibrium position can be attained where agents maintain a fixed relative position
to each other even though the entire swarm may be in motion. This allowed for the
overall surface of an MRS, and hence the overall EED of the swarm, to be controlled
even though the entire system may be moving.

Random Walks

As seen in Sections 2.4.1 and 2.4.1, a common exploration strategy for MAS in environ-
ments where there is a lack of information is the use of random walks. In such environ-
ments, policies based on attraction-repulsion dynamics may not be viable due to the
lack of stimuli to drive agent activity. To operate in such information sparse environ-
ments, random walks, such as Lévy walks, may be used as a method to promote area
exploration. However, the use of Lévy walks may result in inefficient searching due to
possible inter-robot collisions and coincidental clustering of robots. As such, Pang et al.
(2019) developed a random walk in which agents determine their walk sizes based on a
local swarm density estimation. This allows a robot to carry out longer random walks
when in less crowded areas, thereby promoting exploration. Conversely, their strategy
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also favours shorter walks when a robot is located of higher agent densities, thereby
promoting exploitation.

Applications of an adaptive step size are also commonly found in computational op-
timisation algorithms and usually take into account a candidate solution’s direction
of travel (Schumer and Steiglitz, 1968; Azad and Hasançebi, 2014; Hansen and Oster-
meier, 2001; Hansen, 2006). In such strategies, the step size of a candidate solution is
varied based on the path taken by the solution; the step size is decreased should the
solution stay around the same region of the search space for several iterations, enabling
better exploitation, and increased should the solution ‘move’ in the same direction for
several consecutive time-steps, facilitating exploration.

In a similar fashion, to carry out their resource foraging task, Nauta et al. (2020) also
varied the Lévy parameter, µ, of individual agents using a parameter based on the
amount of time elapsed since an agent’s last target encounter. Using this strategy, an
agent’s Lévy parameter value continuously decreases towards unity while an agent
does not encounter any targets. Doing so allowed for an agent to gradually prioritise
exploration if it does not encounter a resource block for long periods of time. Simi-
lar to this, Sardinha, Dragone, and Vargas (2020b) also explored varying a parameter
that determines an agent’s propensity of prematurely interrupting a Lévy walk should
the agent experience a decreasing number of resource encounters. By increasing the
chances of interruption, the agent is more likely to change its search path and explore
the search area.

While carrying out a foraging task, Hecker, Carmichael, and Moses (2015) used an
informed random walk that is initially un-directed and localised to look for patches
of resources, permitting a higher level of exploration. As an agent gathers informa-
tion about resource locations, these walks become less random and more directed as
agents tend to move directly towards higher yielding patches. This moves the system’s
exploration-exploitation balance in favour of exploitation, allowing agents to exploit
high rewarding resource patches while retaining some randomness in the walk per-
mits them to explore the environment for more profitable locations.

Time Intervals

The use of environment sampling intervals as well as communication time intervals
is also a method that can be used to control the level of exploration and exploitation
carried out by an MAS. This is the primary method used by the BEECLUST algorithm
first proposed by Kernbach et al. (2009), Schmickl et al. (2009), and Bodi et al. (2012)
that allowed a swarm to find and aggregate in an area with high light intensity. This
algorithm was formulated after observing bees tending to cluster in regions of higher
temperature and in regions where clusters are already present. When implemented
in an MRS, agents attempted to find an area illuminated by the source with the high-
est light intensity where the light intensity of the sources varied over time. Using this
algorithm, agents measure their local environment’s light intensity only when they
encounter other agents and proceed to wait in in place for a period of time. This wait-
ing time is determined by each agent individually and increases with the measured
light intensity. This leads to a positive feedback loop where longer wait times lead to
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Information Dissemination Methods

Network Topology Changes

Stigmergy

Number of Neighbours

Communications Range

Forced Network Changes

FIGURE 2.4: Classification of different information dissemination methods to control an MAS’
exploration-exploitation balance.

more aggregation in areas with higher light intensity. This phenomenon is known as
Motility-Induced Phase Separation (MIPS) (Cates and Tailleur, 2015) and eventually
results in higher levels of exploitation carried out by the system in areas of high agent
density. Algorithms making use of MIPS were later studied by Bodi et al. (2015) for use
in underwater environments and demonstrated in physical robot platforms by Kengyel
et al. (2016).

While effective, the positive feedback loop caused by MIPS may cause the system to
over-exploit a specific area and result in lower levels of responsiveness in the presence
of a highly dynamic light source. As such, Wahby et al. (2019) modified algorithm to
account for an agent’s local swarm density when determining its wait time. This mod-
ification allowed an agent to move off earlier when located in an area of high swarm
density, preventing over-exploitation and improving the system’s ability to respond
and adapt to a highly dynamic environment.

2.5 Information Dissemination Methods

The second broad category of approaches towards controlling the exploration and ex-
ploitation dynamics of an MAS is based on adapting the way information is dissem-
inated across the system. This system-wide information transfer can be achieved by
means of direct or indirect communication strategies. Indirect methods are often ob-
served in nature with agents altering the environment to convey information to fel-
low agents: this process is known as stigmergy. For example, some ant colonies use
pheromones to guide worker ants to various food sources (Sumpter, 2010; Perna et al.,
2012), which serves as the inspiration for various optimisation algorithms, such as the
Ant Colony Optimisation algorithm (Dorigo, 1992). With engineered systems, radio
transmissions offer a direct means of communication and is the most common among
MRS for dissemination of information. These direct methods are generally used in tan-
dem with an agent response method that controls the amount of information an agent
has access to. By doing so, the actions and responses of neighbouring agents can be in-
fluenced indirectly and can have large effects on the system’s collective response to the
environment. A visual classification of the types of information dissemination methods
used to control a system’s EED can be found in Fig. 2.1 and a list of these strategies can
be found in Table 2.6.
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Reference Strategy Task

Mateo, Kuan, and Bouf-
fanais, 2017

Changing interaction radius Distributed
Consensus

Mateo et al., 2019 Changing number of communication
neighbours

Leader-
Follower
Task

Janson and Middendorf,
2005; De Oca et al., 2009;
Liu et al., 2016; Blackwell
and Kennedy, 2018

Changing number of communication
neighbours

Optimisation

Tillett et al., 2005 Dynamic sub-swarm membership Optimisation

Talamali et al., 2021 Adjusting communications range Optimal Size
Aggregation

Tang et al., 2020b Changing an agent’s number of neigh-
bours in network based on fitness
value

Target
Search

Couceiro, Rocha, and
Ferreira, 2011c; Couceiro,
Rocha, and Ferreira,
2011a; Couceiro et al.,
2014b; Couceiro and
Portugal, 2018

Dynamic sub-swarm membership Target
Search

Esterle and Lewis, 2017 Varying communication link strength
and number of communication neigh-
bours

Target
Tracking
(CMOMMT)

TABLE 2.6: List of works using different information dissemination strategies to influence the
level of exploration and exploitation of an MAS or MRS.
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2.5.1 Changes in Network Topology

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

Number of Neighbours

One of the network parameters that can affect the speed at which information is spread
around the network is the number of direct (or immediate) neighbours that each agent
possesses. It is worth stressing that the concept of ‘neighbour’ shall not be limited
to classical definition according to a metric or Euclidean distance. Instead, this con-
cept should be considered in its most general form, which is conveniently captured by
the network theoretic concept of node degree (Shang and Bouffanais, 2014). In gen-
eral, most studies consider the number of neighbours as a system-level parameter—
i.e., all the agents i have the same number of neighbours ki = k—although it is abso-
lutely possible to envisage a heterogeneous system, in which the ki values are different.
When considering this parameter k, it is crucial to distinguish between directed and un-
directed networks. Specifically, with a directed network, the information flows across
the system in one direction, i.e., if agent A is a neighbour of agent B then the informa-
tion flows from A to B, but not necessarily the other way round. Directed networks
make the relationship between agents asymmetric in terms of information flow. On the
other hand, with un-directed networks, that relationship is symmetric, meaning that
the information flows in both directions when two agents are connected.

Through these repeated local information exchanges, an agent is able to form local de-
cisions based on the information gathered by itself and its immediate neighbours—still
in the network sense. For instance, using the PSO algorithm, changing the number
of neighbours an agent communicates with is one of the key methods for controlling
the level of exploration and exploitation carried out by the system (Janson and Mid-
dendorf, 2005; De Oca et al., 2009; Liu et al., 2016; Blackwell and Kennedy, 2018).
By increasing k, information about the global ‘best’ solution can be propagated more
swiftly around the system, thereby encouraging exploitation. Conversely, by reducing
the degree k, information propagation is slowed down. This prevents agents from over-
exploiting the same piece of information, pushing the EED balance slightly in favour
of exploration.

To prevent agents from being trapped in local optima, Tang et al. (2020b) developed a
robotic PSO strategy using a synthesised dynamic neighbourhood. In this framework,
an agent expands its neighbourhood should it be determined to be trapped in a local
optimum. By using such expanding neighbourhoods, trapped agents have a chance to
find and follow a ‘leader’ with a better fitness value, thereby progressing towards the
global optimum. This concept was first introduced by Mateo, Kuan, and Bouffanais
(2017) and Mateo et al. (2019) in distributed consensus tasks and will be will be ex-
plored in greater detail later in this thesis as it forms a key component of the proposed
target search and track strategy.
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Communication Range

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

Similar to increasing the size of an agent’s neighbourhood, expanding an agent’s com-
munication range also serves to increase the number of possible information exchanges
that an agent can carry out. As demonstrated by Talamali et al. (2021), smaller com-
munication range, and hence less information exchange, results in agents being more
willing to adapt to their local environments. However, this over-willingness to adapt
leaves an agent vulnerable to random fluctuations of its neighbours’ output. Along the
same vein, Coquet et al. (2019) also showed that increasing the communication range
made swarming systems less sensitive to noise and better able to track multiple mov-
ing targets. This occurs because increasing an agent’s communications range allows
for information to be disseminated more quickly around the system. Points of inter-
est picked up by a single agent would be more attractive compared to local optima
occurring due to environmental noise. This higher attractiveness will cause agents to
shift their behaviours in favour of exploitation and converge quicker on that point of
interest.

Despite the fast rate of convergence, care needs to be taken when setting an agent’s
communications range, as previously mentioned. As shown by Wang et al. (2021),
while increasing communications ranges may initially reduce the amount of time re-
quired for the system to converge, increasing it past a certain distance may no longer
be of any benefit to the swarm and may be to the detriment of the system. In addi-
tion to the lower level of responsiveness to the environment, as mentioned by Talamali
et al. (2021), higher communications ranges may require the use of more powerful ra-
dio transmitters, increasing the cost, power consumption, and weight of an individual
swarming agent.

Forced Network Changes

Should a fixed level of connectivity be desired, changes can be made to the network’s
structure by changing an agent’s communications neighbours. This allows an agent to
maintain the same communication range or number of neighbours, while allowing for
more information diversity in the agent’s network. Esterle and Lewis (2017) and Esterle
and Lewis (2020) dealt with online multi-object k-coverage. The strategy is inspired
by an ant foraging method that consists in both negative and positive feedback loops.
When two cameras are connected to each other, this is connection is considered as a link
and that will be reinforced as long as the cameras continue to ‘see’ the same object. The
strategy also allows for the weakening of this connection as all link strengths decay over
time. This decay opens the possibility for it to be used in dynamic environments as the
system can unlearn the links, preventing the over-exploitation of outdated information
sources.
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In the same two works, various network structures are used, namely the k-nearest, k-
furthest, and k-random networks. The k-nearest and k-furthest networks are based on
Euclidean distance, while the k-random network is based on a set of randomly chosen
neighbours across the entire system, allowing the communication to gradually expand
to “all” cameras. Using topologies such as the k-furthest or k-random networks es-
sentially allowed the agents to explore a larger area by permitting the gathering of
information from neighbouring agents further away. This increased amount of explo-
ration was studied while using various response models (e.g., moving to assist in the
tracking of the closest target, moving to assist in the tracking of the target with the low-
est number of pursuing agents, etc.). Using wider networks paired with the response
model increased the level of exploration of an agent as well as allowed the agents to
select the most appropriate source of information to exploit that will benefit the system
the most.

As mentioned previously, systems employing strategies based on the Darwinian PSO (Tillett
et al., 2005) and the derivative RDPSO algorithms (Couceiro, Rocha, and Ferreira,
2011c; Couceiro, Rocha, and Ferreira, 2011b; Couceiro et al., 2014b; Couceiro and Portu-
gal, 2018) also make use of changing network structures. By allowing the system to for
dynamic sub-swarms through the constant inclusion and exclusion of agents, the sys-
tem is able to simultaneously find and exploit different sources of information.

2.5.2 Stigmergy

Should an MAS operate in an environment where direct agent-to-agent communica-
tions are denied, indirect methods, such as stigmergy, can be used. In this framework,
an agent is able to elicit a response from other agents in the system by leaving traces
in the environment (Theraulaz and Bonabeau, 1999). This concept was first introduced
in Grassé (1959) and has been applied in various MAS. A list of these strategies can be
found in Table 2.7.

While the most popular usage of stigmergy is the Ant Colony Optimisation algorithm,
first proposed by Dorigo (1992), it has also seen some applications in target search
MRS. While using robots to carry out a target search task, (Herianto, Sakakibara, and
Kurabayashi, 2007; Herianto and Kurabayashi, 2009; Johansson and Saffiotti, 2009)
spread out RFID data carrier tags around the physical operating space to act as pheromones
within the environment. A similar strategy was also employed by (Khaliq, Di Rocco,
and Saffiotti, 2014; Khaliq, 2018), who used a physical RFID grid to generate a map
exploitable by a swarm of robots, guiding them towards a target. Using this type of
strategy, robots are equipped with an RFID writer/reader and update the pheromone
levels of the tags when they are encountered. Doing so allows an agent to exploit the
environmental information by following a gradient descent algorithm towards the tar-
get. Similar to their counterparts in computational optimisation, these pheromones are
also subject to evaporation, preventing the robots from exploiting outdated informa-
tion. Tang et al. (2019) and Tang et al. (2020a) later built on this work by supplementing
the strength of the pheromone with a vector pointing the direction of areas with higher
pheromone concentrations. This allows an agent to carry out more effective (targeted)
exploitative actions, improving search efficiency and success rates when searching for
both dynamic and static targets.
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Reference Strategy Task

Dorigo, 1992 Ant Colony Optimisation with
pheromone evaporation

Optimisation

Herianto, Sakakibara,
and Kurabayashi,
2007; Herianto and
Kurabayashi, 2009; Jo-
hansson and Saffiotti,
2009; Khaliq, Di Rocco,
and Saffiotti, 2014;
Khaliq, 2018

Gradient decent with physical
data carriers

Target Search

Tang et al., 2019; Tang et
al., 2020a

Gradient decent with vectorial
pheromones and physical data car-
riers

Target Search

TABLE 2.7: List of works using stigmergy to influence the level of exploration and exploitation
carried out by an MAS.

2.6 Summary

The exploration–exploitation dilemma is a common challenge faced by many systems,
including those encountered by various multi-agent and multi-robot systems when
searching for and tracking dynamic targets. This dilemma stems from the fact that,
in general, exploration and exploitation tend to be mutually exclusive tasks.

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

Given the challenging nature of this problem and the diverse range of applications
for MAS and MRS systems, there is a large body of literature dedicated to studying
the balance between exploration and exploitation in such systems. These studies and
works often originate from different disciplines, (e.g., autonomous multi-agent dy-
namics, field robotics, and service robotics) and utilise various tools and methods to
develop solutions and strategies in relation with their specific problems (e.g., control
theory, simulations of self-organised behaviors, and physical experimentation). Such
a wide variety of missions would inevitably result in different optimum exploration-
exploitation balances for different systems. As such, any developed swarm strategy
must either be tailor-made for a specific task or risk sub-optimal performances, or be
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able to adapt the system’s overall behaviour to suit a range of operating conditions (Kit,
2021).

Given how applicable the problem of balancing exploration and exploration is in many
different domains and disciplines, this chapter focused on identifying strategies com-
monly used in target search and tracking scenarios and classifies the similarities found
in these solutions and frameworks. The solutions used to control system exploration
and exploitation fall into two broad categories, namely “agent response methods” and
“information dissemination methods.” The latter can be further broken down into “net-
work topology methods”, where a system’s communications network parameters are
changed to regulate the flow of information across the MAS, and stigmergy, where an
agent is able to indirectly elicit a response from other agents in the system by leaving
behind a signal in the environment. Similarly, the broad category of “agent response
methods” can be further broken down into: (i) methods that cause an agent to dis-
play large and drastic changes in the way it deals with the environment, (ii) methods
that result in smaller changes in an agent’s response to its environment, and (iii) the
assignment of agents to areas of interest or tasks found in the environment.

In addition, a summary of the methods used in various studies to quantify the level of
exploration and exploitation carried out by an MAS was also presented in this chap-
ter. Such quantitative analyses rest upon the proper definition of metrics, which are
key to estimating an MAS’ exploration–exploitation balance, thereby allowing one to
see if a proposed strategy is working as intended, and make adjustments as needed.
However, as is apparent in this review of the literature, metrics tend to be closely tied
to their specific applications/problems and there is no generalised metric available to
measure exploration and exploitation. This important point has also been raised in
previous reviews, and a similar observation was also made in reviews about swarm
robotics (Brambilla et al., 2013) as well as human-swarm interaction (Kolling et al.,
2016). The lack of a single/absolute metric applicable to different problems limits one’s
ability to truly rank different approaches and strategies. Even if there is no guarantee
that such a universal metric exists, the community working on these problems would
benefit from ways to compare and rank current MAS strategies.
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Chapter 3

Non-Evasive Targets

3.1 Introduction

The problem of searching for and tracking multiple targets is a well explored area of
research. In this field, the leading strategies for dynamic target search and tracking
are normally based around centrally controlled agents using a predetermined search
pattern to perform a systematic sweep of a given search area (Meghjani, Manjanna,
and Dudek, 2016; Medina et al., 2017). However, these search methods are rendered
ineffective when searching for and tracking a target moving faster than the individual
searchers.

While methods involving the use of swarming multi-robot systems (MRS) have been
proposed, majority of the current literature tends to focus on cases where the targets
move slower than or as fast as their pursuing agents (Senanayake et al., 2016; Khan,
Rinner, and Cavallaro, 2018). This is especially the case when evasive targets are being
tracked because of the long-standing assumption that in these situations the targets will
always be able to evade their pursuers. These assumptions lead to a false sense that the
problem of tracking a fast moving target is impossible for the pursuing swarm (Parker
and Emmons, 1997; Parker, 2002), even though it has been shown that it is possible
when a swarm has vision over the entire operating environment (Janosov et al., 2017;
Zhang et al., 2019a).

In addition to this, the use of swarming MRS gives the end-user the opportunity to in-
crementally upgrade the robotic system, invariably leading to the use of heterogeneous

The content in this chapter has been published in the following papers:
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Tracking”. In: Proc. of the 19th International Conference on Autonomous Agents and Multiagent Systems (AA-
MAS 2020), 672–680. DOI: 10.5555/3398761.3398842

Kwa, H.L., Tokić, G., Bouffanais, R., and Yue, D.K.P. (2020).“ Heterogeneous Swarms for Maritime
Dynamic Target Search and Tracking”. In: Global OCEANS 2020: Singapore-U.S Gulf Coast, DOI:
10.1109/IEEECONF38699.2020.9389145

Kwa, H.L., Kit, J.L., and Bouffanais, R. (2021). “Tracking Multiple Fast Targets With Swarms : Interplay
Between Social Interaction and Agent Memory”. In: ALIFE 2021: The 2021 Conference on Artificial Life. DOI:
10.1162/isal_a_00376
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swarming MRS. However, such systems have not been well studied and incorporat-
ing upgraded agents into a swarm may result in degraded mission performances (Alt-
shuler, 2009; Vallegra et al., 2018). As such, the improved abilities of upgraded agents
need to be taken into account in the design of the system to benefit from the upgraded
agents’ capabilities.

In this chapter, a fully decentralised swarming strategy that is capable of adjusting its
level of engagement with a fast-moving target, and hence its exploration and exploita-
tion dynamics (EED). The base algorithm was inspired by the Particle Swarm Opti-
misation (PSO) algorithm and was augmented through the utilisation of an adaptive
repulsion behaviour, as well changing the level of inter-agent connectivity in an inter-
connecting k-nearest neighbour communications network. By varying the topological
distance between agents, i.e., the degree k of the k-nearest neighbour network, one
can change the system’s balance between exploitative and exploratory behaviours. As
such, agents can be made to prioritise the conduct of either exploratory or exploitative
actions. In doing so, the system autonomously adapts its collective dynamics to max-
imise its tracking performance while pursuing targets of different speeds and quanti-
ties.

This strategy is studied through its implementation in both homogeneous and het-
erogeneous swarms in simulations. Through these simulations, an optimal collective
performance of the swarm corresponding to a specific connectivity, k

⇤, is found. This
swarm strategy for dynamic search and tracking is experimentally tested and validated
in the homogeneous case with a decentralised swarm of eight wheeled miniature robots
operating in the absence of any supporting infrastructure.

3.2 Related Work

3.2.1 Particle Swarm Optimisation

The Particle Swarm Optimisation algorithm was originally introduced by Kennedy and
Eberhart (1995) as a means to find the global optima of stationary multidimensional and
nonlinear functions. Recently, the algorithm was brought into the realm of robotics to
achieve effective target searches with swarming MRS (Jatmiko, Sekiyama, and Fukuda,
2007; Couceiro et al., 2014a; Yan et al., 2018; Coquet et al., 2019), with the majority of ap-
plications being in static environments. Several modifications enabling this translation
have been made, including the addition of obstacle or inter-agent collision avoidance
behaviours (Couceiro, Rocha, and Ferreira, 2011b), as well as the implementation of a
limited communications range (Pugh and Martinoli, 2007; Coquet et al., 2019; Yang,
Wang, and Bauer, 2019). The fact that PSO is a metaheuristic makes it a highly com-
pelling approach for decentralised MRS operations in dynamic search-spaces.

There are two main challenges of implementing a PSO-based target search and tracking
strategy in dynamic environments that have not been sufficiently addressed. These
challenges are: (1) solving the problems caused by outdated memory, and (2) excessive
exploitation of the search environment at the expense of exploration (Jordehi, 2014). In
both cases, the swarm converges on the target but is unable to continue tracking the
target’s movements due to insufficient exploratory actions performed by the agents
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once engaged with the target. This highlights the requirement that the swarm needs to
be able to constantly explore the search space, even after the target is found.

To promote sufficient exploration of the search space, swarm reinitialisation proce-
dures have been considered. This involves randomising the particle positions and
fully restarting the entire PSO process when the ‘global best’ (gBest) value has not
been updated in several iterations (Eberhart and Shi, 2001; Liu et al., 2017). How-
ever, methods using such reinitialisation techniques can only be considered when PSO
is used for computational optimisation. They are neither practical nor feasible in the
physical world and as such, Jatmiko, Sekiyama, and Fukuda (2007) have proposed dis-
persing the robotic swarm if the gBest value has not changed after a specified number
of time-steps. Another strategy to promote exploration of the search environment is
to employ agents with a constant repulsive parameter, preventing them from cluster-
ing (Blackwell and Bentley, 2002). However, such approaches require an all-to-all com-
munications network to facilitate inter-agent repulsion. This makes MRS using such
methods essentially centralised and less tolerant of failures in the communications net-
work.

3.2.2 Network Connectivity

Another key factor to take into account when devising PSO-based search and tracking
strategies is the connectivity of the agents involved when performing such tasks. For
the application of PSO in the optimisation of non-linear functions, the most commonly
studied network structures are the static lBest (ring) and gBest (all-to-all) network
topologies, with the gBest topology being the most popular network utilised (Liu et
al., 2016). Typically, network connections are determined during the initialisation of
the particles and do not change while the PSO process is underway, leading to static
networks. It has recently been recognised that agents in PSO networks with lower
amounts of connectivity (i.e. low degree) perform more exploratory actions achieving
higher global search performance. In contrast, agents in networks with greater con-
nectivity (i.e. high degree) perform more exploitative actions and more suited to local
search tasks (Blackwell and Kennedy, 2018). It is worth pointing out that the network
topology plays a central role in the effectiveness of distributed information exchanges
underpinning the collective response of a swarm (Rosenthal et al., 2015).

While the use of static networks does not pose any problems with the PSO algorithm’s
applications in silico, using such methods in robotico with an MRS operating within an
unstructured dynamic environment poses significant challenges. This includes the lim-
ited communication ranges and limited information processing capabilities of a robot,
resulting in constraints on the number of connections each robot can establish and sus-
tain. As such, dynamic PSO networks based on metric-distance neighbours have been
proposed and studied (Pugh and Martinoli, 2007; Yang, Wang, and Bauer, 2019). In the
study of these networks, it has been shown that larger communication ranges result
in faster convergence times for the swarm (Pugh and Martinoli, 2007). This holds true
until the communications radius of each member is able to cover the entire swarm, at
which point, an all-to-all network is formed and there is no further reduction in con-
vergence time (Yang, Wang, and Bauer, 2019). These faster convergence times are due
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to the better local search properties of communications networks with higher degrees
of connectivity.

Recently, it has also been shown that regardless of the technical limitations of the in-
dividual robotic units, there exists an optimal level of connectivity between swarming
agents involved in a decentralised decision-making process while tracking a dynamic
signal. Interestingly, this optimal connectivity is directly related to speed of the driving
signal (Mateo et al., 2019). This presence of an optimal level of connectivity that max-
imises a system’s performance has also been observed in static environments that yield
very little information to the agents (Crosscombe and Lawry, 2021; Liu, Crosscombe,
and Lawry, 2021; Kwa and Bouffanais, 2022). Furthermore, it has also been shown that
an excessive amount of interaction limits a swarm’s ability to collectively respond to
perturbations (Mateo, Kuan, and Bouffanais, 2017). This implies that while tracking
a dynamic target, instead of relying on all agents within a set communication range,
tuning the level of connectivity of a swarm may result in a better collective tracking
performance. There have been efforts made to implement dynamic network topologies
in robotic swarms, mainly through adjusting the communications ranges of individual
agents. While efforts have been made to implement dynamic network topologies in
robotic swarms, this effect of varying the level of connectivity of a swarm operating in
a dynamic environment has largely been ignored.

3.2.3 Heterogeneous Agents

As mentioned previously, the use of swarming MRS brings with it the advantages of
system modularity. This often overlooked benefit allows for agents with different prop-
erties and behaviours to be implemented within the same swarm, resulting in hetero-
geneous swarms. Heterogeneous swarm compositions can be utilised in several ways
including employing agents with different communication ranges to reduce the overall
system cost (Christensen et al., 2015) and improving a system’s mapping capabilities
by partitioning a search-space and assigning the partitioned regions to robots accord-
ing to their movement and sensing capabilities (Shi et al., 2020). Strickland et al. (2018)
also demonstrated that through optimising the composition of agents with different ca-
pabilities, the total amount of energy expended during a site defence task can be min-
imised. However, as shown by Esterle (2018b), this optimum composition also depends
on the demands of the assigned task. Behavioural heterogeneity has also been shown
to be important when operating in evolving environments. For example, in their social
learning task, Lawry (2022) demonstrated that a behaviourally heterogeneous system
is critical to operating within a dynamic environment, allowing the agents to explore
the environment and exploit the gathered information at the same time.

In addition to the aforementioned benefits, a system’s modularity presents the oppor-
tunity to incrementally introduce upgrades to a small proportion of agents without
having to apply the upgrade to the entire swarm. This allows for the testing of agent
upgrades within their actual operating environment before implementing the change
across the rest of the swarm. However, such incremental upgrades made to a system
will necessitate the use of heterogeneous swarms. It has been shown that the simple
implementation of upgraded agents in a swarming system does not necessarily trans-
late into an improvement of system performances. Altshuler (2009) showed that even if
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a homogeneous swarm of agents with increased communication ranges were deployed
to carry out a target search task, these improved capabilities need to be taken into ac-
count before any improvements to the system’s performance were observed. This re-
sult suggests that the improved abilities of upgraded agents may need to be taken into
account in the design of the system to benefit from the new heterogeneous nature of
the swarm.

3.3 Search and Track Strategy

The strategy used to enable a swarm to search for and track a fast-moving target con-
sisted of two behavioural patterns: (1) promotion of agent aggregation around a com-
mon location of interest, serving as a driver of exploitation, and (2) an adaptive inter-
agent repulsion behaviour, serving as a driver of exploration. The aggregation and re-
pulsion behaviours, which were inspired by the Charged Particle Swarm Optimization
algorithm (CPSO) (Blackwell and Bentley, 2002) and the Social-Only PSO (Engelbrecht,
2010), generated two velocity vectors at each time-step. These two components were
summed to calculate an agent’s its final velocity vector:

vi[t] = vi,att[t] + vi,rep[t], (3.1)

where vi,att[t] is the velocity vector generated by the attractive component and vi,rep[t]
is the velocity vector generated by the adaptive inter-agent repulsion component. The
level of social interaction was controlled by varying the value of a parameter, k, of
an inter-connecting k-nearest neighbour communications network that allowed for the
sharing of target information among agents in the swarm.

The overall strategy employed in the system is detailed in Algorithm 1. The individual
components of this algorithm will be explained in the following sections.

Algorithm 1 : Dynamic k-Nearest Network Search and Tracking Strategy

1: Set t = 0, k 2 [2, N � 1], ! = 1, and c = 0.5
2: while System active do
3: for All agents i 2 [1, N ] do
4: Set p using Algorithm 2
5: Calculate Attraction Component vatt,i with Eq. 3.2
6: Calculate Repulsive Component
7: vi[t] vatt,i[t] + vrep,i[t]
8: vi[t] vi[t]/vmax
9: xi[t + 1] xi[t] + vi[t]

10: end for
11: t t + 1
12: end while
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3.3.1 Swarm Connectivity

The interaction network among swarming agents plays a key role in the effectiveness of
the proposed strategy. In particular, the level of connectivity—i.e. the degree—can be
adjusted with significant effects on the collective dynamics (Bouffanais, 2016). As pre-
viously mentioned, higher levels of connectivity in computational PSO networks lead
to higher levels of local exploitation, and consequently a higher degree of aggregation
within the search space, while a low degree causes the swarm to prioritise exploration
of the environment (Blackwell and Kennedy, 2018). Changing a swarm’s level of con-
nectivity has also been shown to have considerable effects on the collective dynamics
and level of responsiveness of a swarm (Mateo, Kuan, and Bouffanais, 2017; Mateo et
al., 2019; Horsevad et al., 2022).

It has been shown that in flocks of starlings, birds interact with only 7 to 8 nearest neigh-
bours on average, regardless of the distance between them (Ballerini et al., 2008). Such a
topological neighbourhood concept can be represented by a k-nearest neighbor graph.
Here, the value of the degree k, which is identical for all agents, is used to characterise
the level of connectivity within the swarm. At each time-step, any agent i identifies its
k-nearest topological neighbours and sets its point of attraction, p[t], to the observed
target location as measured by itself or its neighbours. At this point, Ni[t] is defined as
the set of k indices corresponding to the topological neighbours of agent i at time-step
t. This is in contrast to the standard PSO algorithms and aforementioned variants that
largely rely on static communications networks, where agents are assigned neighbours
during the system’s initialisation that do not change over the course of the task. This
is also in contrast to the commonly utilised metric distance neighbourhood where all
agents within a given radius are considered as neighbours (Coquet et al., 2019; Coquet,
Arnold, and Bouvet, 2021).

3.3.2 Attraction and Aggregation

In the swarm, an attractive component is used to encourage agents to aggregate at a
point of interest, p[t]. At every time-step, each agent measures its local environment
to look for a target. Should an agent detect a target, the agent will transition from
an exploratory state into a tracking state, set p[t] as the target’s current location, and
broadcast the location. Should a target not be detected, the agent will communicate
with its k-nearest neighbours and attempt to track targets detected by its neighbours.
At this point, it is important to note that in the framework used, the neighbourhood
of an agent is to be understood in the network sense. As such, an agent i has as many
neighbours as its degree k. Also, since time-varying network topologies are considered,
it should be noted the neighbourhood of each agent evolves over the course of the task
duration. Given this dynamic network topology, all agents set their own p[t] using
Algorithm 4.

Using an agent’s velocity in the previous time-step and its location in relation to p[t],
the attraction component can be calculated according to:

vi,att[t + 1] = !vi[t] + cr
�
p[t + 1]� xi[t + 1]

�
. (3.2)
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Algorithm 2 : Point of Attraction Update Algorithm for Non-Evasive Targets
if Agent detects target then

pi[t] Target’s position
else

Determine Ni = {j 2 [1, N ] s.t. Agent j is a k-nearest neighbour of Agent i}
if 9j 2 Ni s.t. pj [t] = 1 then

pi[t] pj [t]
else

pi[t] ;
end if

end if

This equation is similar to that used in the social-only PSO model proposed by Engel-
brecht (2010), where ! is the velocity inertial weight, c is the social weight, and r is a
number randomly drawn from the unit interval. In computational optimization, this is
the main driver of a the system’s exploitative behaviour. Here, it is used to drive the
MRS towards the target. It should be noted that in the case where multiple targets are
present, these targets will never overlap each other and agents do not assign unique
identifiers to tracked targets. It should be noted that in the proposed strategy, unlike
the social-only PSO model that uses an infinite memory length, memory is not used by
the system. This is done to prevent agents from exploiting outdated target positional
information.

3.3.3 Adaptive Repulsion

In the MRS, the adaptive repulsion component is used to promote agent exploration
of the search space and stop agents from aggregating within a small area, preventing
over-exploitation of target information. In addition, this behaviour also offers an anti-
collision measure as a direct byproduct of this mechanism.

The inter-agent repulsion behaviour adopted is based on the one used in the BoB envi-
ronmental monitoring swarm developed by Vallegra et al. (2018) and Zoss et al. (2018).
Using this behaviour, an Agent i with topological neighbours j calculates its individual
repulsion velocity as follows:

vrep,i[t] = �
X

j2Ni

✓
aR[t]

rij [t]

◆d rij [t]

rij [t]
, (3.3)

where rij is the vector from Agent i to Agent j and rij = ||rij ||. This inter-agent repul-
sion is controlled by two parameters: the repulsion strength aR, affecting the agents’
distance from each other at equilibrium, and the exponent d in the pre-factor term
(aR/rij). In the work carried out, d is fixed at 6 given that this value has very mod-
erate effects on the performance of the EED strategy. At large (aR/rij) and d values, the
repulsion strength of the agents is approximately equal to the nearest-neighbour dis-
tance in equilibrium configuration (Vallegra et al., 2018; Coquet, Arnold, and Bouvet,
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2021). As such, these two parameters were set so that the swarm was able to cover the
entire search area when there was no target found.

The key aspect of this inter-agent repulsion is an agent’s ability to adjust its own repul-
sion strength, aR[t], based on its local environment and neighbourhood. To this end,
the concept of an agent’s tracking state, Si[t], is introduced. When an agent has infor-
mation of a target’s location, either through local measurements or communications
with its direct neighbours, it is assigned a tracking state of 1, moves towards the target
location, and reduces its aR[t] value until a minimum value is reached. When an agent
has no target information, it enters an exploratory state, assigns itself a tracking state of
0, and increases its aR[t] value until a maximum value is attained. Formally, the track-
ing state is assigned by considering Si(xi[t], t) = 0 if pi[t] = ;, and 1 otherwise. The
adaptive repulsion behaviour used to obtain the repulsion component is summarised
in Algorithm 3.

Algorithm 3 Adaptive Repulsion
Initialise aR,min, aR,max, d = 6, �explore = 0.1, and �track = 0.75
while System active do

if Si[t] = 1 then
if aR > aR,min then

aR  aR � �track
end if

else
if aR < aR,max then

aR  aR + �explore
end if

end if
Calculate vrep,i using Eq. 3.3

end while

3.4 Simulation Methods

3.4.1 Target Representation

In this work, the targets do not emit a gradient field and agents are only able to detect
a target’s location when it lies within the target’s radius. This makes the tracking prob-
lem more challenging by eliminating the possibility of using gradient-descent methods.
This conservative approach represents one of the most challenging cases with a near-
zero-range sensor tracking a target faster than the agent themselves. It is only through
the deployment of an MRS in such challenging scenarios that it is able to fully make
use of its swarm intelligence.

In this chapter, targets following a non-evasive movement policy are studied. Using
this policy, a target generates and moves towards a random waypoint within the search
area at a constant speed faster than that of its pursuing agents. When the target reaches
this waypoint, it generates another random waypoint and moves towards it. This con-
tinues until the simulation is terminated.
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3.4.2 Problem Statement

In this work, a swarm of tracking agents, A = {a1, a2, . . . , aN}, and a set of targets,
O = {o1, o2, . . . , oM}, move within a bounded two-dimensional square search space of
dimensions L ⇥ L, where L = 25. Both agents and targets have an associated x and y

position, xi = (xi, yi), and maximum velocities of va,max and vo,max respectively. The
targets are able to move faster than the agents and as such, va,max  vo,max.

In the case where a heterogeneous swarm is used, agents can be either slower agents
or faster upgraded agents. These have associated maximum velocities of vs,max and
vf,max respectively, where vs,max > vf,max > vo,max.

The targets are modeled using disc-shaped binary objective functions with fixed radii
of r = 1. A target is considered to be tracked if an agent lies within its radius. For-
mally:

cov(om, t) =

(
1 9i 2 A s.t. kxi � xmk  r,

0 otherwise.
(3.4)

The goal of the system is to maximise its tracking performance of the targets within the
environment, given by the reward function:

⌅ =
1

TM

TX

t=1

MX

m=1

cov(om, t), (3.5)

where T it the total time period of interest and M is the total number of targets within
the search space. In the simulations performed, the agents are tasked with tracking the
targets in an environment free from obstacles and are assumed to have perfect infor-
mation about the target’s location once within the target’s radius.

3.4.3 Swarm Performance Metrics

To quantify the overall tracking performance of the swarm, as well as its EED, several
metrics were developed. The choice of a particular metric is an important one as it
allows for the performance of the system to be compared for a given task. Currently,
most of the metrics in the literature are very task specific and tend to focus on the action
of one or a few particular agents, and not the swarm as a whole (Brambilla et al., 2013;
Kolling et al., 2016). Furthermore, there are very few metrics in place used to quantify
and perform analysis on a swarm’s EED. As such, to compare the respective perfor-
mances of various approaches a new suite of performance metrics were developed and
proposed.

Tracking Performance

To measure the tracking performance of the swarm, the reward function presented
in Eqn. (3.5) is used. This metric determines the proportion of time that a target has
at least one agent within its radius. As such, the amount of time that all the targets
are being tracked can be calculated. In the case of multiple targets being tracked, the
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problem is similar to the Cooperative Multi-Robot Observation of Multiple Moving
Targets problem proposed by Parker and Emmons (1997) and Parker (2002).

Exploration and Exploitation Dynamics

To quantify and permit the analysis of a swarm’s exploration and exploitation dynam-
ics, three separate metrics were developed. These are a swarm’s cumulative velocity
fluctuation magnitude, its heading-bearing correlation, and the system engagement ra-
tio. It should be noted that in the study of tracking multiple targets, only the system
engagement ratio metric is used as the cumulative velocity fluctuation magnitude and
the heading-bearing correlation does not accurately quantify the swarm’s EED in the
presence of multiple targets.

Cumulative Velocity Fluctuation Magnitude In the seminal work done by Cavagna
et al. (2010), it was found that the effectiveness of the transmission of information be-
tween birds in starling flocks is closely connected to the level of velocity fluctuations of
individual agents and their correlations. The same conclusion was reached by Attanasi
et al. (2014) when studying swarms of midges. Therefore, as a proxy for its collective
activity and response to a dynamic stimulus, the level of velocity fluctuations in the
proposed artificial swarm is quantified.

The velocity fluctuation of an agent i is given by the difference between its velocity and
the mean velocity of the entire swarm:

ui[t] = vi[t]� hvj [t]ij=1,...,N = vi[t]�
1

N

NX

j=1

vj [t], (3.6)

where vi[t] is the velocity of an Agent i at a given time-step t. The overall response
of the swarm to the dynamic environment can then be calculated by taking the time-
averaged sum of all of the swarming agents’ velocity fluctuations, divided by the num-
ber of agents in the swarm, and then normalising the value with respect to the agents’
maximum speed:

� =
1

Tf

TfX

t=1

⌧
uj [t]

vmax

�

j=1,...,N

=
1

NTfvmax

TfX

t=1

NX

j=1

uj [t], (3.7)

where Tf is the total number of time-steps considered. In the case of heterogeneous
swarms, the swarm’s average maximum speed was used as the value for vmax, defined
as:

vmax =
Nfvf,max + Nsvs,max

N
, (3.8)

where vf,max and vs,max are the maximum speeds of the fast and slow agents respec-
tively.
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Heading-Bearing Correlation The heading-bearing correlation of a swarming sys-
tem’s agents introduced to quantify the level of exploratory and exploitative actions
carried out by the MRS. This was done by calculating the correlation between the head-
ing of any agent i and the target’s bearing relative to this agent. This correlation can be
calculated as follows

�i[t] =
vi[t] · ti[t]

kvi[t]k
= cos ✓i[t], (3.9)

where ti[t] is the bearing of the target in relation to the agent and ✓i[t] is the angle
between the two unit vectors (see Fig. 3.1). With the definition of �i in Eqn. 3.9, �i will
take on a value between�1 and +1. Agents associated with a �i value approaching�1
are carrying out more exploratory actions, while those with a �i value approaching +1
are carrying out exploitative actions by moving towards the target.

T

i

ti[t]

✓i[t]

vi[t]

FIGURE 3.1: Bearing of the target (T [t]) relative to the agent (ti[t]) and the heading of the agent
(vi[t]) at time t.

System Engagement Ratio The metrics that make use of a swarm’s cumulative ve-
locity fluctuation magnitude and heading-bearing correlation required that there only
be one target within the search space. In addition, the EED of two different systems
can only be compared when visually comparing their associated histograms; it does
not facilitate the analysis of EED trends when system parameters are varied. As such,
they were unsuitable for use when dealing with a swarm attempting to track multiple
targets and a new metric that calculated the overall level of engagement of a system
with targets was proposed, allowing for the system’s EED to be quantified.

This metric makes use of an agent’s tracking state, previously introduced in Section 3.3.3.
An agent is considered to be engaged with a target if it has entered a tracking state and
Si(xi[t], t) = 1. Therefore, the overall engagement ratio of the swarm can be calculated
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as follows:

⇥ =
1

NT

TX

t=1

NX

i=1

Si[t], (3.10)

where N is the total number of agents within the swarm. With this metric, a higher
engagement ratio will indicate that agents are spending a higher proportion of time
attempting to track a target. Conversely, at lower engagement ratios, agents spend a
lower proportion of time attempting to track a target, which is characteristic of higher
levels of exploration.

3.4.4 Simulation Setup

A two-dimensional square search-space (dimensions L⇥ L, where in this case L = 25)
devoid of obstacles was considered with a disc-shape target having a fixed radius r =
L/25. Up to 3 targets move randomly about the search-space at constant speed. If an
agent falls within the radius of the target, given information about the target’s position.
This models a binary objective function, in which agents either have are fully informed
of the target’s position or have no information at all.

In the simulations performed, two MRS swarms were considered: (1) a homogeneous
swarm consisting of only slower agents, and (2) a heterogeneous swarm consisting of
both slow and upgraded fast moving agents. Slow agents were modelled with a max-
imum speed of va0,max = 0.1 non-dimensional units per time-step and the fast agents
are modeled with a maximum speed of va1,max = 0.26 non-dimensional units per time-
step. All simulation runs lasted for a total of 100, 000 time-steps each to ensure sta-
tistically steady conditions. With such long simulation runs, low variability was calcu-
lated for the performance metrics (< 1%) for similar runs using different random seeds.
Figures with the uncertainty ranges can be found in Appendix C. For all simulations
performed in this chapter, a total of 50 agents were used. These agents were randomly
positioned within the search space during the initialisation of the simulation.

3.5 Simulation Results

3.5.1 Homogeneous Swarms

Cumulative Velocity Fluctuation Magnitude

The effects of the proposed strategy on an MRS can first be observed when looking
at the EED of the system. In using the cumulative velocity fluctuation magnitude,
the collective response of the swarm to dynamic changes in the search-space can be
quantified. In the target tracking scenario posed in this work, these dynamic changes
are represented by the fast-moving target. As such, the use of the cumulative veloc-
ity fluctuation magnitude can be considered as a proxy for a quantitative measure of
the swarm intelligence activity. As seen in Fig. 3.2, there is a significant increase in
the swarm’s activity and response to the environment while using the adaptive repul-
sion scheme as compared to constant repulsion case. This is due to the new strategy
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FIGURE 3.2: A system’s cumulative velocity fluctuation magnitude, �, with varying levels of
connectivity, k, and at two different target speeds, v, while using adaptive repulsion (solid line)
and constant repulsion (dashed line).

promoting area exploration and preventing the agents from over-exploiting outdated
target information.

The curves in Fig. 3.2 also illustrate a peak in system’s response at intermediate levels
of connectivity. The peak is more clearly marked for the collective response obtained
with the adaptive repulsion scheme. It is interesting to note that there is a slight in-
crease in the k value required to maximise a system’s response when the target veloc-
ity increases. This can be explained as when the swarm encounters dynamic changes
at different time-scales, it needs to adjust its communication channel to optimally re-
spond. In this target tracking scenario, the swarm needs to adjust its level of inter-agent
communications to optimally respond to targets of different speeds. Moreover, to gen-
erate the highest level of fluctuations in the swarm, as many agents as possible must be
switching as often as possible from exploitative actions to exploratory ones. This can
only happen at intermediate levels of connectivity.

Heading-Bearing Correlation

Next, the distribution of the heading-bearing correlation, �i[t] = cos ✓i[t], for all agents
i in the swarm and over the entire duration of the simulation is considered. This allows
for a histogram to be plot, allowing for the visualisation of the heading-bearing correla-
tion of all agents within the swarm, and permits the visualisation of the swarm’s EED.
This is done by recording the heading-bearing correlations for all agents and iterations.
The weight of each bin was then divided by the total number of iterations to give a
time-averaged histogram for the entire swarm.



Chapter 3. Non-Evasive Targets 48

0 1
0

10

20

30
k � ��
 v = ���� 

Adaptive Repulsion

�1 0 1
0

10

20

30
k = ��
 v = ���� 

Adaptive Repulsion

0 1
0

10

20

30
k � ��
 v � ����  

Constant Repulsion

0 1
0

10

20

30
k � ��
 v � ���� 

Adaptive Repulsion

�1 0 1
0

10

20

30
k = ��
 v � ���� 

Adaptive Repulsion

0 1
0

10

20

30
k � ��
 v = ���� 

Constant Repulsion

�i[t] �i[t] �i[t]

FIGURE 3.3: Distribution of the heading-bearing correlations, �i[t] = cos ✓i[t], (x-axis) for differ-
ent levels of the swarm connectivity, k, target speeds, v. “Adaptive Repulsion” corresponds to a
swarm utilising the newly proposed repulsion scheme, while “Constant Repulsion” considers
the minimal static repulsion at aR,min.

Three observations can be made from Fig. 3.3. Firstly, it can be seen that as the level
of connectivity, k, increases, the level of exploration of the environment decreases in
favour of an increase in exploitative actions, regardless of the type of repulsion used.
This shift toward a more exploitative collective behaviour when increasing k is robust
and observed for all target speeds, v, considered. The change in EED balance towards
exploitation is characterised by a higher proportion of agents having large and positive
heading-bearing correlations, thereby indicating that more agents are moving toward
the target rather than exploring the environment. While agents spending a larger pro-
portion of time carrying out exploitation of the target may at first seem preferable, it
is actually detrimental as the simulation unfolds. At high levels of exploitation, units
tend to aggregate and cluster near the target’s position. Eventually, when the target
‘outruns’ its pursuing agents, it is able to easily move into portions of the search-space
void of agents, thereby evading detection and reducing a system’s tracking perfor-
mance

Secondly, the amount of exploitation carried out by the swarm decreases while the
amount of exploration increases with higher target speeds, v. This is characterised by
the reduction in the number of agents with a positive heading-bearing correlation. The
increased exploration is caused by the swarm losing track of the target more frequently,
causing the swarming agents to disperse from the target’s last known location.

Finally, it can be seen that there are agents with a heading-bearing correlation value
of 0. This is more prominent at higher velocities and when using constant repulsion.
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This is caused by agents that are stationary or travelling at very low speeds. The rea-
son for the near stagnation of the agents depends on the type of repulsion used. With
the constant repulsion strategy, when the swarm loses track of the target, the agents
hold their positions and remain in the vicinity of the target’s last known location until
target crosses the path of the agent or one of its neighbours. This is characteristic of
a system over-exploiting outdated information. In contrast, while using the adaptive
repulsion strategy, the agents disperse from the target’s last known location. However,
their movement is eventually restricted by the search-space boundaries and the block-
ing effect caused by a combination of a high repulsion strength and the presence of
neighboring agents. The stagnant agents using the two repulsion strategies can be seen
in Fig. 3.4.

FIGURE 3.4: (Left) Screenshot of a simulated system using the adaptive repulsion scheme.
Agents in the upper portion of the environment are being blocked by the search-space bound-
aries and neighboring agents. (Right) Screenshot of a simulated system using the constant
repulsion scheme. All agents remaining in place after losing track of the target with the low
exploratory behaviour in the presence of low constant repulsion.

Engagement Ratio

As mentioned previously, the usage of a system’s heading-bearing correlation is incom-
patible with MRS tracking multiple targets. This is because a specific target cannot be
assigned to an agent for the calculation of this metric. As such, the engagement ratio of
a swarm is introduced as a means to quantify a swarm’s EED, especially when tracking
multiple targets.

As seen in Fig. 3.5, using the system’s engagement ratio as a metric demonstrates that
increasing the MRS’ level of connectivity results in increasing levels of exploitation. The
level of engagement, and by extension the total amount of exploitation carried out by
the system, also decreases when the target speed is increased. These two observations
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FIGURE 3.5: Swarm system engagement ratio, ⇥, while tracking a single non-evasive target
traveling at different speeds. Maximum agent velocity set at va,max = 0.1.

are consistent with the conclusions obtained through analysis of the heading-bearing
histograms seen in the previous section.

In addition, this plot reveals that when the target travels faster than its pursuing agents,
there is an upper limit on the system’s engagement ratio that decreases as the target’s
speed increases. This limit occurs when k ! N � 1 and when the target speed exceeds
that of the maximum agent speed, i.e., vo,max > 0.2. This is because at higher levels of
connectivity, the swarm loses track of the target easily due to a high portion of agents
aggregating around and exploiting the target’s location. Eventually, when the agents
are outrun by the target, they have to expand and explore the environment again to
relocate the target due to the agents’ policy to explore the area if they are not trying
to perform target tracking. This suggests that the amount of exploitation that can be
performed by the swarm is being limited by the lack of information gathered by the
swarm about the target’s location, i.e., a lack of exploration, and further stresses the
critical need to balance the amount of exploration and exploitation carried out by the
swarm.

While tracking multiple targets, Fig. 3.6 shows that increasing the number of targets
elicits a higher level of engagement, and hence exploitation, from the swarm. This is
because the presence of more targets within the search space results in higher chances
for an agent to encounter a target. This higher rate of target encounters inevitably lead
to agents spending more time in the tracking mode to exploit target information, hence
causing an overall increase in the engagement ratio.
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FIGURE 3.6: Swarm system engagement ratio, ⇥, while tracking multiple non-evasive targets
traveling at different speeds. Maximum agent velocity set at va,max = 0.1. Maximum Target
velocity set at vo,max = 0.2.

Tracking Performance

Single Target Tracking With the effects of the strategy of the MRS’ EED demon-
strated, its effects on the system’s overall tracking performance can be explained. Firstly,
as seen in Fig. 3.7, which plots the performance of a swarm tracking single non-evasive
targets travelling at different speeds, increasing the target’s speed had the effect of re-
ducing a swarm’s tracking performance across all values of k. This is true for both
adaptive and constant repulsion schemes and is a direct consequence of the target’s
speed advantage over any individual agent, thereby allowing it to ‘outrun’ its pursu-
ing agents. This is true for both adaptive and constant repulsion schemes.

Secondly, the figure also shows that the adaptive repulsion behaviour adopted yields
a significant improvement over the more commonly used constant repulsion scheme,
especially when operating at higher levels of connectivity. This improved tracking ca-
pability of the system stems from to the increased exploratory behaviour promoted
by the proposed adaptive repulsion scheme. While using this repulsion scheme, the
swarm exhibits an improved collective search behaviour by expanding their forma-
tion, attempting to cover the entire search environments upon losing track of the tar-
get. In turn, this notably shortens the time required to re-engage the target. As already
highlighted, the reduced exploratory dynamics seen when using the constant repulsion
scheme leads to the swarm aggregating and then stagnating after being outrun by the
target, thereby resulting in poor tracking performances.
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FIGURE 3.7: Tracking performance of a swarm consisting of 50 agents pursuing a single non-
evasive target travelling at different velocities. Swarming agents travelled at a maximum speed
of va,max = 0.1. The solid line represents a swarm utilising the adaptive repulsion scheme with
a variable aR, while the dotted line represents a swarm utilising a constant repulsion scheme
with a constant aR.

Finally, Fig. 3.7 reveals the existence of an optimal degree, k
⇤, for the interaction net-

work at which the tracking performance peaks. This optimum only occurs when the
target is able to move faster than the agents. Starting from k = 2, an increase in the level
of connectivity among swarming agents improves up to k

⇤. Beyond this value, more
connectivity ends up being detrimental to the collective tracking performance. This is
because at low target velocities, the swarm need not regulate its level of exploration
and exploitation to effectively track the target; each agent is able to continuously ex-
ploit the target’s positional information without the aid of its neighbours. In contrast,
when the target travels faster than the agents, the agents need to cooperate to effec-
tively perform the tracking task. As such, members of the swarm need to continuously
switch between exploratory and exploitative actions to reacquire the target’s location
after being outrun to eventually re-engage with the target.

Interestingly, these peaks in tracking performance are not as apparent in the swarm
using the more commonly used constant repulsion scheme. However, it can still be
observed that higher levels of connectivity using this scheme are detrimental to the
system’s collective tracking performance. From these results, it can be concluded that
too high a level of connectivity induces over-exploitation in a system’s agents that is
counterproductive to the overall performance of the swarm. In contrast, at low levels of
connectivity, the system carries out excessive levels of exploration and under-exploits
target information, also leading to sub-optimal performances.



Chapter 3. Non-Evasive Targets 53

5 10 15 20 25 30 35 40
k

0.2

0.3

0.4

0.5

0.6

0.7

0.8

T
ra

ck
in

g
P
er

fo
rm

an
ce

(�
)

1 Target

2 Targets

3 Targets

FIGURE 3.8: Tracking performance of a swarm pursuing multiple non-evasive targets with a
speed of vo,max = 0.2. Pursuing agents travelled at a maximum speed of va,max = 0.1.

Multi-Target Tracking As can be expected, increasing the number of targets to be
tracked reduces the overall tracking performance of the system, as seen in Fig. 3.8, be-
cause the MRS is expected to simultaneously pursue all targets in the environment. In
addition, it can be seen in the figure that a system’s k

⇤ reduces as the number of tar-
gets to be tracked increases due to system’s increased need for exploration. The need
for more exploration is due to two reasons: (1) the need to search for the additional
targets, and (2) greater number of targets illicit higher levels of exploitation from the
swarm. As previously discussed, the higher levels of exploitation in the presence of
more targets within the search space is due to the higher probability of an agent en-
countering a target while exploring the search space. This higher probability of target
encounters leads to agents spending more time tracking targets and therefore higher
levels of exploitation. Therefore, the swarm requires a greater amount of exploration
carried out to balance this increase in exploitation and find the locations of the other
target, thereby maximising its tracking performance in the presence of multiple targets.
In the presented strategy, this greater need for exploration is satisfied at lower levels of
connectivity, hence leading to a reduced k

⇤.

In addition to the higher level of exploration attained at lower values of k, utilising
a network with lower levels of connectivity also results in the formation of multiple
clusters of agents, which is also a characteristic of high levels of exploration. Since each
cluster tends to track only one target, the presence of multiple agent clusters facilitates
the tracking of more than one target simultaneously. This property is demonstrated in
Fig. 3.9.
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FIGURE 3.9: Distribution of agents (black crosses) while tracking multiple targets (blue circles).
Agents using a lower level of connectivity more readily form multiple clusters, circled in red,
to track targets (left). Agents with higher levels of connectivity tend to form one large cluster
that can only track a single target (right).

3.5.2 Strategy Comparisons

Having ascertained its tracking performance, the newly developed strategy is com-
pared to three other benchmark strategies. These benchmark strategies are: (1) k = 0—
corresponding to the case where there is no inter-agent communication and coopera-
tion, (2) k = 49—corresponding to the case where a global communications network
is used, and (3) the standard PSO algorithm proposed by Kennedy and Eberhart, 1995.
These results were obtained by simulating the system tracking a single fast-moving
non-evasive target. The simulations were repeated 20 times for each of the four differ-
ent strategies with different random seeds.

Figure 3.10 shows that by using the newly proposed strategy, a multi-agent system is
indeed able to demonstrate a higher tracking performance when its level of connectiv-
ity has been optimised. This further emphasises the importance of attaining the correct
balance between exploration and exploitation being performed by the system, which
can be tuned by varying the system’s level of connectivity. In addition, the figure also
illustrates that the newly proposed strategy is able to outperform the base PSO strat-
egy regardless of the system’s degree of connectivity. This serves to highlight the main
weakness of swarms using the original PSO algorithm to track fast-moving targets as
stated by Jordehi, 2014: (1) the swarm continuously uses outdated information, caus-
ing agents to aggregate in a location where the target is no longer present, and (2) the
swarm constantly tries to exploit the target’s positional information without exploring
the environment.
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FIGURE 3.10: Tracking performance of swarms using the proposed search and track strategy
with (1) a k = 0 network, (2) a k = 15 network, and (3) a k = 49 network, as well as a swarm
using the standard PSO algorithm. The target moved at a maximum speed of vo,max = 0.2 while
the pursuing agents travelled at a maximum speed of va,max = 0.1.
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FIGURE 3.11: Tracking performance of a heterogeneous swarm pursing a non-evasive target
moving at a speed of vo,max = 0.3. Slow agents move at a speed of vs,max = 0.1 and fast agents
move at a speed of vf,max = 0.26. (A): A heterogeneous system with a level of connectivity,
k, is maintained at k = 20 while the proportion of fast agents in the swarm is varied. (B):
A heterogeneous system where the agent composition of 15 fast agents and 35 slow agents
compared to a homogeneous system comprised of 50 slow agents. The performance of the two
systems are compared while k is varied.
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3.5.3 Heterogeneous Swarms

Tracking Performance

In this section, the use of the proposed strategy in heterogeneous systems is studied. As
previously demonstrated by Altshuler (2009), the use of heterogeneous systems with
upgraded agents does not guarantee the improvement of system performance. How-
ever in the target tracking scenario considered in this work, the results visualised in
Fig. 3.11a show that the overall tracking performance of the swarm increases with the
proportion of fast buoys included within the swarm and is consistent across all levels of
connectivity. This result can be attributed to the faster buoys being better able to keep
up with and respond to the presence of the fast moving target. Similar to the homo-
geneous swarm, there exists an optimum degree of connectivity, k

⇤ ⇠ 18, at which the
tracking performance is at a maximum for the heterogeneous swarm, as evidenced by
Fig. 3.11b. Beyond this point, the benefit of adding upgraded units decreases at higher
levels of connectivity. Again, this is due to the system’s tendency to over-exploit tar-
get information, leaving it vulnerable to being outrun by the target. Interestingly, this
optimum occurs at a lower level of connectivity compared to the one for the slower
homogeneous swarm. This occurs because of the higher mobility of the faster agents,
allowing it to better track and pursue with the target. In addition, this higher level of
mobility gives the swarming agents a greater amount of responsiveness, which will be
explained in the next section.

Cumulative Velocity Fluctuation Magnitude

Similar to the heightened levels of tracking performance, Fig. 3.12 shows that a swarm’s
responsiveness gradually increases with an growing proportions of fast-moving agents.
The result stems from the upgraded agents’ ability to travel faster and keep up with the
target. This better tracking ability in turn allows the fast agents to broadcast the target’s
position for longer, thereby allowing the system to maintain a high level of responsive-
ness.

In addition, Fig. 3.13 illustrates that there is a peak in the systems’ levels of response at
intermediate levels of connectivity in both homogeneous and heterogeneous swarms.
This peak occurs at a lower degree in heterogeneous swarms (k ⇠ 25) than in the ho-
mogeneous one (k ⇠ 30). This is because upgrading a portion of the swarming MRS
with faster agents essentially increases the average speed of the swarm. Therefore,
even though the environment evolves at the same speed, this evolution occurs at a dif-
ferent time-scale relative to the swarm. By adding faster agents, the swarm needs to
readjust its communications channel to adequately and optimally respond to its envi-
ronment.

It should also be noted that in both homogeneous and heterogeneous swarms, the opti-
mum level of connectivity associated with maximum response is higher than the level
of connectivity required for maximum tracking performance. When the MRS uses a
network that maximises its level of collective response, a large proportion of the swarm
is attracted to the target once it is found. Consequently, there are little to no agents re-
maining to perform area exploration. This leads to the target eventually outrunning
the system. Conversely, when the swarm’s communications network is connected to
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FIGURE 3.12: The cumulative velocity fluctuation magnitude, �, of a swarm with varying pro-
portions of fast agents using a network degree of k = 20. 50 agents were simulated tracking a
single non-evasive target travelling at a speed of vo,max = 0.3. Slow agents moved at a speed of
vs,max = 0.1 and fast agents moved at a speed of vf,max = 0.26
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FIGURE 3.13: The cumulative velocity fluctuation magnitude, �, of a swarm of 50 agents com-
prised of 15 fast agents with varying levels of connectivity, k. The system tracked a single non-
evasive target travelling at a speed of vo,max = 0.3. Slow agents moved at a speed of vs,max = 0.1
and fast agents moved at a speed of vf,max = 0.26
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provide maximum tracking performance, there is a proportion of agents that have not
received information on the target’s position. These agents do not actively move to-
wards a target and instead perform exploratory actions. Hence, when the initial group
of pursuing agents are outrun, this group of exploratory agents are able to continue
tracking the target.

Heading-Bearing Correlation

As with the homogeneous swarm, the distribution of the heading-bearing correlation,
�i[t], for all agents i in the swarm is visualised for the entire duration of one complete
simulation. This distribution permits the creation of a histogram, thereby allowing the
analysis of the system’s EED and can be seen in Fig. 3.14. It should again be noted that
analysis on a system’s EED using the heading-bearing correlation can only be made
when tracking a single target.
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FIGURE 3.14: Distribution of heading-bearing correlations, �i[t], for different levels of the
swarm connectivity, k, and target speeds, v. The upper row shows the heading-bearing cor-
relations for a heterogeneous swarm comprised of 15 fast agents and 35 slow agents, while the
lower row shows the heading-bearing correlations for a homogeneous swarm of 50 slow agents.
From the histograms, it can be seen that, as with the homogeneous swarms, when the
level of connectivity increases, so too does the amount of exploitative behaviour carried
out by the swarm. This increase in exploitation is characterised by a higher proportion
of agents having a value large positive heading-bearing correlation value, indicative
of a higher proportion of agents moving towards the target. This is due to the target’s
positional information being more readily disseminated throughout the system due to
the introduction of fast-moving agents, thereby causing the agents to remain in the
tracking state and move towards the targets for longer periods of time.
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It can also be observed that in both homogeneous and heterogeneous swarms, the av-
erage proportion of agents with a heading-bearing correlation of 0 increases at higher
target speeds, implying a greater number of stationary agents. Similar to the homoge-
neous case discussed previously, this high number of stationary agents occurs due to
high levels of inter-agent repulsion that causes the agents to remain in position. When
a target is able to move faster, it is able to evade the agents more easily. The absence of
target information cause the agents to spread out across the search area and be ‘locked’
in a static equilibrium position when their repulsion strength reaches the maximum
limit. The agents remain in this position until they receive new information of the tar-
get’s position (see Fig. 3.15).

However unlike the homogeneous case, when fast agents are introduced to the system,
there is a small decrease the proportion of agents with a heading-bearing correlation
of 0. This can be attributed to higher collective response of the heterogeneous swarm
at lower levels of connectivity compared to the homogeneous swarm, which was dis-
cussed in the previous section. This higher level of response means that agents are react
more readily to the presence of a target, thereby encouraging agents to move away from
their equilibrium positions and preventing the swarm from stagnating.

FIGURE 3.15: A heterogeneous swarm comprised of 35 slow agents (black crosses) and 15 fast
agents (blue crosses) tracking a disc-shaped target (dark blue). Agents to the left of the target
are locked in position due to them attaining their maximum repulsion strength and lack of
target information.

3.6 Robotic Experiments

3.6.1 Swarm Robotic System

To validate the results obtained from the simulation, a decentralised swarm comprised
of 8 Orion differential-drive land robots were used. Each robot operates through the
use of two controlling software layers—a high-level layer and a low-level one. The
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low-level layer is tasked with way-point navigation and estimating the robot’s posi-
tion. This is done through the use of two DC motors attached with encoders, as well as
an Inertial Measurement Unit (IMU). The IMU allows each robot to estimate its posi-
tion using dead reckoning. The robot’s estimated position is then sent by the low-level
layer to the high-level layer that grants the robot its autonomy as part of the swarm-
ing system. The high-level layer consists of a low-power and low-bandwidth wireless
XBee-PRO module as well as a Raspberry Pi zero that is responsible for implementing
and processing the required swarming behaviours and managing the information re-
ceived from the neighbouring robots. This includes filtering and processing the data
that is transmitted only from neighbouring units according to the selected value k of
the inter-connecting topological network, which is selected before the running of each
experiment. From the processed data, the high-level layer is able to generate a nav-
igational way-point used by the low-level layer (Kit et al., 2019). Communications
between the robots are facilitated by the XBee module that broadcasts and receives po-
sitional information and objective function values. The reader is directed to Kit et al.
(2019) and Sundram et al. (2019) for further information concerning the technical spec-
ifications of the Orion robots.

10cm

FIGURE 3.16: Orion robotic platform used in the swarm robotic experiments (Kit et al., 2019).

A fictitious sensing unit is programmed into the high-level layer to emulate the con-
servative scenario with a zero-range sensor capability used in the simulations. Sensory
information—i.e. whether the agent is able to detect the target—is provided at ev-
ery instant by the Raspberry Pi zero, based on the estimated position of the robot in
relation to the prescribed trajectory of the moving target. Similar to the simulations
performed, this virtual target moves randomly in the search-space at a predetermined
speed, v.
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3.6.2 Experimental Conditions

At the start of each experimental test, 8 robots are arranged in two lines in the middle
of an open search-space (see Fig. 3.17, left column). All the robots broadcast their esti-
mated position within the search space, as well as their tracking state. A target shaped
as a disc of radius 1 m is simulated to be in constant random motion around the search
area. The robots and the target travel at the same speed of 10 cm · s�1. It is important
to note, however, that the fictitious target has an infinite maneuverability compared to
the finite one of our robots. Hence, even if the individual robots have the same speed
as the target, they are effectively much slower to respond changes in their heading ow-
ing to their low maneuverability. In practice, the dynamic target is implemented by
generating a list of target positions and having the robots calculate the target’s position
based on the elapsed time. The robots then compare their respective position against
the target’s position and to verify if they are able to detect the target.

The experiments were run for two different connectivity levels (k = 3 and k = 6) and
using both the constant and adaptive repulsion schemes. Each test is stopped after one
minute and 5 repetitions were performed for each case. It is assumed for these tests
that all robots are able to perfectly estimate their location while moving around the
operating space.

It is important stressing that, aside from the logging of data for the path reconstruction
of the robots, the robotic test platform operates in the complete absence of any support-
ing infrastructure (Kit et al., 2019). In all the experiments, the localisation, cooperative
control, and computing tasks are performed by the individual robotic units in a fully
decentralised manner.(a) (b) (c)

FIGURE 3.17: (Top) Positions of the target, represented by the red circle, the robots, and path
reconstruction of the robots as observed through a central monitoring system, represented by
the coloured dots and their associated trails. (Bottom) Photos from the physical experiment
using a connectivity of k = 6 and adaptive repulsion. Each column corresponds to a different
instant during the collective search and tracking run.
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3.6.3 Experimental Results

Qualitative Observations

As seen through the reconstruction of paths taken by the Orion robots (Fig. 3.17), the
agents are able to disperse from their original positions within the starting lines thanks
to the adaptive repulsion behaviour. When a robot detects the target, other agents that
have included the detecting robot within their neighbourhood are able to respond, turn,
and start moving towards the target, as illustrated in Fig. 3.17 (centre column). Should
the detecting robot be outrun, another robot is able to continue the tracking task. The
robot that initially detected the target is able to change its heading and move towards
the target’s location, as shown in Fig. 3.17 (right column).

Tracking Performance

TABLE 3.1: Tracking performance of the swarm robotic system.

Repulsion Type k = 3 k = 6

Adaptive Repulsion 0.26 ± 0.20 0.17 ± 0.05
Constant Repulsion 0.31 ± 0.34 0.24 ± 0.13

Table 3.1 shows the percentage of time when there is at least one robot within the tar-
get’s radius. This is presented together with the 99% confidence intervals, permitting
the quantification of the swarm’s tracking performance. From these results, it can seen
that there is no significant difference between the two repulsion schemes. While there
seems to be a decrease in the tracking performance when going from k = 3 to k = 6,
given the relatively high variability in the results for k = 3, these results were deter-
mined to not be of statistical significance.

Although visual observations of the collective dynamics showed noticeable differences
for different k values and repulsion schemes, the quantitative results for the tracking
performance are not congruent with the simulations. This can be attributed to three
reasons: (1) the small number of robots used within the swarm and relative density of
the robot swarm, (2) the short time duration of each test, (3) the relative high speed
of the target given that the finite maneuverability of the robots as compared with the
particles in the simulations. Of these reasons, the low swarm density is likely to be the
main cause of this discrepancy. As demonstrated by Czirók, Stanley, and Vicsek (1997),
statistical characterization of a multi-agent system’s order becomes more difficult at
low swarm densities. This makes it harder to predict the behaviour of a system with
low density within simulations.

System Response

From the same experimental results used to quantify the tracking performance, the
time-averaged cumulative velocity fluctuations of the swarm, �, was calculated, and
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hence the system’s level of response to the dynamic target. Table 3.2 presents the cal-
culated response levels, along with the 99% confidence intervals. These results un-
ambiguously show that the adaptive repulsion scheme significantly increases the re-
sponse of the swarm to the target (p < 0.01) for both connectivity levels considered.
In addition, a noticeable drop was measured in collective response with both repul-
sion schemes when increasing the network connectivity from k = 3 to k = 6. This
latter observation is fully consistent with the simulation results previously presented
in Section 3.5.1.

TABLE 3.2: Response of the swarm robotic system to a dynamic target.

Repulsion Type k = 3 k = 6

Adaptive Repulsion 1.36 ± 0.07 1.23 ± 0.03
Constant Repulsion 1.23 ± 0.03 1.05 ± 0.08

It should be noted that the time-averaged cumulative velocity fluctuation magnitudes
obtained experimentally are higher than those obtained in the simulations. This was
expected as the robots were unable to instantaneously change their speed and heading
unlike the omnidirectional agents modelled by the simulations.

3.7 Discussion

In this chapter, a strategy based on a memory-less PSO algorithm was presented for use
in decentralised MRS to track fast-moving non-evasive targets. This strategy relies on
two key features: an adaptive inter-agent repulsion behaviour and a dynamic k-nearest
neighbours communications network. These features are used to tune the amount of
exploration and exploitation that is carried out by the system. The strategy was tested
in both homogeneous and heterogeneous MRS. To characterise the performance and
behaviour of the swarm, four metrics were established: (1) Cumulative velocity fluctu-
ation magnitude, used to quantify the system’s response, (2) heading-bearing correla-
tion, used to quantify a swarms exploration and exploitation dynamics, (3) engagement
ratio, also used to quantify a swarms exploration and exploitation dynamics, and (4)
tracking performance, used to quantify the overall system performance.

With the proposed metrics and strategy, it was found that increasing the value k in the
k-nearest neighbours communications network resulted in the swarm performing in-
creasing amounts of exploitation. In contrast, reducing k resulted in increased levels
of exploration. By conducting simulations using different values of k, it was revealed
that there exists of an optimal value of k = k

⇤ that maximised the tracking perfor-
mance of the system, highlighting the need to balance the amount of exploration and
exploitation being performed by a swarm. The results obtained from the simulations
were further validated through physical robotic tests carried out with a swarm of 8
decentralised land robots. Both sets of results challenge the commonly held belief that
systems with higher connectivity perform better and are congruent with other studies
that have also showcased the need to moderate the level of inter-agent communication
within a system (Rausch et al., 2019; Horsevad, 2021; Talamali et al., 2021).



Chapter 3. Non-Evasive Targets 64

The newly developed strategy was also implemented within a simulated heteroge-
neous swarm. The results obtained show that the tracking performance of the system
increases together with the proportion of fast agents within the system. This is mostly
due to the faster agents being better able to keep up and respond to the presence of a
target. While no changes are necessary to elicit these improvements, the performance
of a heterogeneous swarm can further be optimised by reducing the system’s level of
connectivity, resulting in a lower k

⇤ compared to the homogeneous system.

Besides the strategy, the work presented in this chapter shows the importance of bal-
ancing a swarm’s EED according to the system’s environment. While the system may
be able to track a target to a limited extent at any degree of connectivity, the tracking
performance is maximised only when the system is set to operate using the optimum
level of connectivity, k

⇤. As previously mentioned, the value of this k
⇤ varies accord-

ing to the system’s operating environment, such as the target’s speed and the number
of targets present. This shows that the optimal EED balance changes according to the
task’s demands, thereby suggesting that any developed swarm strategy must be tai-
lored to the specific operating conditions to ensure optimum performance; one cannot
expect a strategy developed specifically for a set of conditions, A, will work equally
well when deployed in a different set of conditions, B.
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Chapter 4

Evasive Targets

4.1 Introduction

Having developed a strategy that can be used by a multi-robot system (MRS) tracking
non-evasive targets, work can now be done to adapt it for use in swarming MRS track-
ing fast-moving evasive targets. Similar to the problem with tracking fast-moving non-
evasive targets, the task of tracking fast-moving evasive targets has not been well stud-
ied. This is especially the case when multiple targets are to be tracked long-standing
assumption that the targets will always be able to evade their pursuers given their su-
perior mobility and maneuverability. This resulted in the problem being determined
to be impossible and therefore trivial (Parker and Emmons, 1997; Parker, 2002; Khan,
Rinner, and Cavallaro, 2018).

In the current literature dealing with fast-moving evasive targets, works tend to focus
on the capture of one (Shishika and Paley, 2019; Fang, Cheng, and Xie, 2020) or multiple
targets (Janosov et al., 2017; Zhang et al., 2019a). Once an agent is within a specified
radius surrounding a target, the target is considered to have been caught and is either
immobilised or removed from the environment. As such, these works ignore cases
where the target continues to move, even after it has been localised.

In this chapter, the search and track strategy proposed in Chapter 3 is adapted for use
for the search and tracking of fast-moving evasive targets. In addition to the k-nearest
neighbour communications network and the adaptive repulsion behaviour, this strat-
egy is augmented by the use of an agent-based memory. The usage of agent-based
memory is demonstrated to be critical in enabling a robotic swarm to track an eva-
sive target by giving the MRS a more persistent point of attraction. The introduction

The content in this chapter has been published in the following papers:
Kwa, H.L., Kit, J.L., and Bouffanais, R. (2021). “Tracking Multiple Fast Targets With Swarms : Interplay
Between Social Interaction and Agent Memory”. In: ALIFE 2021: The 2021 Conference on Artificial Life. DOI:
10.1162/isal_a_00376

Kwa, H.L., Kit, J.L., and Bouffanais, R. (2021). “Tailoring Exploration and Exploitation in Multi-Agent Sys-
tems with Short-Term Memory and Limited Social Interaction” In: 2021 International Workshop on Agent-
Based Modelling of Human Behaviour (ABMHuB)
Kwa, H.L., Babineau, V., Philippot, J., and Bouffanais, R. [In Press]. “Adapting the Exploration-
Exploitation Balance in Heterogeneous Swarms: Tracking Evasive Targets”. In: Artificial Life. arXiv:
2207.13523
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of memory also gives system designers another control parameter to adjust an MRS’
exploration and exploitation dynamics (EED), which permits agents to prioritise either
exploratory or exploitative actions. This new algorithm is studied through its imple-
mentation in simulated homogeneous and heterogeneous swarms.

Given that both the length of agent-based memory and level of connectivity used in a
swarm affects its level of exploitation carried out, further analysis is carried out on the
interplay between these two factors that give rise to the optimum amount of system
engagement necessary to maximise the system’s tracking performance. This strategy
to carry out the search and tracking of evasive targets is validated through tests per-
formed on a swarm comprised of six Orion robots. Finally, the possibility of deploying
differentiated tracking strategies in heterogeneous swarms are explored.

4.2 Related Work

4.2.1 Chase and Capture Patterns

When capturing evasive targets, Kamimura and Ohira (2019) identified three patterns
observed in groups of agents pursuing evasive targets (see Fig. 4.1). In their simula-
tions, linear target chase (Fig. 4.1 A) was mostly observed in systems with small agent
numbers. However, they also observed that to capture a target, all systems regardless
of size tended to display target encirclement (Fig. 4.1B) or have an agent drive targets
towards other pursuing agents (Fig. 4.1C).

(B)(A) (C)

FIGURE 4.1: Common chase strategies used by agents (blue) while pursuing an evasive target
(red). (A) Linear target chase, (B) Encirclement of target, and (C) Driving of target into other
agents. (Figure adapted from Kamimura and Ohira (2019).)

These observations were also made by Janosov et al. (2017) in their simulations, where
linear target chase was determined to be ineffective in capturing a faster target. Qi et al.
(2020) also demonstrated that cooperative behaviours leading to the entrapment of a
target lead to faster capture times. To encourage the target trapping behaviours seen in
Figs. 4.1B-C, Zhang et al. (2019b) developed a short-range repulsion, long-range attraction
and medium-range repulsion (SRLAMR) agent interaction strategy. This type of inter-
action caused agents to dynamically form unstable clusters of agents that eventually
disperse. The constant formation and dispersion of clusters results in a higher chance
of targets being entrapped by aggregating agents. Such strategies were also noted by
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Ritz et al. (2021) when evolving predator strategies for speed handicapped pursuing
agents while using reinforcement learning methods.

4.2.2 Agent-Based Memory

In most scenarios studied, the pursuing agents usually has a field of vision, allowing
them to pursue targets outside of their capture or tracking radius (Janosov et al., 2017;
Zhang et al., 2019b; Ritz et al., 2021). However, in this research work, the situation
where pursuers have a zero-range sensor is studied — i.e. a pursuing agent must be
in the same location as the target to detect its presence. In such situations involving
zero-range sensors and fast-moving evasive targets, the use of memory is critical as it
provides the chasing agents a longer lasting point of attraction, thereby allowing agents
to exploit information regarding a target’s location.

It has been established that memory may cause a multi-agent system (MAS) to ex-
ploit outdated information (Jordehi, 2014; Coquet et al., 2019). Despite these disadvan-
tages, memory usage has been shown to encourage the aggregation of agents around
high quality target patches in various scenarios. In various foraging tasks, it has been
demonstrated that memory was required for agents to aggregate in the most profitable
locations (Falcón-Cortés, Boyer, and Ramos-Fernández, 2019; Nauta, Simoens, and
Khaluf, 2020). Furthermore, it was observed by Nauta, Khaluf, and Simoens (2020)
that memory allowed their MAS to exploit the area surrounding the most salient loca-
tions, allowing the system to maximise the amount of reward collected.

When making use of memory, the length of memory and the amount an agent relies
on memory needs to be calibrated according to the presented scenario. Saffre et al.
(2019) observed that systems employing agents with long term memory tended to con-
sume the same limited resource at the same time. This led to over-exploitation of the
resource, leading to system congestion, and reduction of the system’s performance.
Nauta, Khaluf, and Simoens (2020) demonstrated that high target diversity favoured
systems less dependent on memory, allowing agents to better explore the area of op-
eration, while a scenario involving highly clustered targets favoured the use of agents
that relied heavily on memory, allowing for revisiting of target clusters.

Related to the use of memory is the use of forced agent position resets. This was a
strategy first pioneered in the field of computational optimisation (Carlisle and Dozier,
2000; Hu and Eberhart, 2002; Zhan et al., 2009) and made its way into swarm robotics (Jat-
miko, Sekiyama, and Fukuda, 2007; Yan et al., 2018). Using these types of strategies, a
central controller, which is endowed with memory, will command the agents to reset
their positions to a random location within the search space after a point of interest has
been exploited for a long period of time or when a large change is detected in the envi-
ronment. The use of this type of strategy prevents the over-exploitation of any resource
or point in the environment and allows the system to ‘jump out’ of local optima and
encourages exploration when exploitation is no longer deemed useful.
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4.3 Memory-Augmented Search and Track Strategy

The new memory-augmented strategy presented here uses the one presented in the
previous chapter and builds on it by utilising memory-enabled agents. Compared to
memory-less agents, memory-enabled agents are able to generate a more persistent
point of attraction. This gives them more time to exploit a target’s positional infor-
mation and move towards the target’s location. The use of memory is critical in the
tracking of a fast-moving evasive target as it allows the system to converge on a target
even though agents are unable to detect its presence. However, in contrast to other
strategies based on the PSO algorithm that uses infinite memory, the proposed strategy
is able to limit the use of outdated information by using short memory lengths.

Similar to the original strategy, the memory-augmented strategy consists of two be-
havioural patterns, i.e. one to promote agent aggregation and drive exploitation of
information and another to promote inter-agent repulsion, encouraging exploration of
the environment. These two behaviours generated two velocity vectors at each time-
step, which were summed to give an individual agent’s final velocity vector:

vi[t] = vi,att[t] + vi,rep[t], (4.1)

where vi,att[t] is the velocity vector generated by the attractive component and vi,rep[t]
is the velocity vector generated by the adaptive inter-agent repulsion component.

However, in contrast to the original strategy, this newly proposed strategy endows
agents with a memory, M , of a duration of tmem. Using this memory, each agent is able
to keep track of the position and time at which a target was found. Each agent also re-
ceives a set of target positions and encounter times from its k-nearest neighbours. These
received values are compared to an agent’s own values and the most recent target po-
sition is used as a point of attraction, p (see Algorithm 4). Using this update algorithm,
agents are able to compare information that is directly sensed from the environment
with information received from its neighbours and choose which set of information to
exploit.

Using this updated value of p, the attractive velocity component of an agent is calcu-
lated using the same equation presented in the Chapter 3.

vi,att[t + 1] = !vi[t] + cr
�
p[t + 1]� xi[t + 1]

�
. (4.2)

The adaptive repulsion behavioural component of the agents is left unchanged from
the previous chapter. As previously explained, the use of this behaviour promotes ex-
ploration of the environment when agents are not actively moving towards a target.
The tracking agents also use the same interconnecting k-nearest neighbour communi-
cations network. Using this adjustable network, it was observed that a swarm can be
made to favour area exploration or information exploitation by changing the value of
k. As such the addition of memory is another parameter that can be used to tune the
EED balance. This memory-augmented search and track strategy is summarised by
Algorithm 5.
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Algorithm 4 : Point of Attraction Update Algorithm
Initialise M = tmem
if Agent detects target then

pself  Target’s position
tbest  t

end if
Determine Ni = {j 2 [1, N ] s.t. agent j is a topological k-nearest neighbor of agent i}
Get list of all neighbors’ p and tbest
pneigh  Most recent entry in all neighbors’ p
tneigh  Most recent entry in all neighbors’ tbest
if tbest + M < t then

pself  ;
end if
if tneigh + M < t then

pneigh  ;
end if
if pself = ; and pneigh = ; then

p[t] xi[t]
else if tbest > tneigh then

p[t] pself
else

p[t] pneigh
end if

Algorithm 5 : Memory-Enabled Search and Track Strategy

1: Set t = 0, k 2 [2, N � 1], ! = 1, and c = 0.5
2: while System active do
3: for All agents i 2 [1, N ] do
4: Set p using Algorithm 4
5: Calculate vatt,i using Eq. (3.2)
6: Calculate vrep,i using Algorithm 3
7: vi[t] vatt,i[t] + vrep,i[t]
8: vi[t] (vmax/vi[t]) · vi[t]
9: xi[t + 1] xi[t] + vi[t]

10: end for
11: t t + 1
12: end while



Chapter 4. Evasive Targets 70

4.4 Simulation Methods

As was the case previously, the employed targets do not emit a gradient field and
agents are only able to detect a target’s location when it lies within the target’s radius.
The use of such targets eliminates the possibility of agents following gradient decent
methods to exploit a target’s positional information. The same problem statement and
simulation setup presented in Chapter 3 is also used. It should also be noted that for
the experiments carried out with heterogeneous swarms, only virtual simulations were
carried out.

In addition to the non-evasive target movement policy established earlier, a system’s
behaviour in the presence of evasive targets is compared and contrasted. While us-
ing the evasive policy, the targets initially follow the non-evasive policy, previously
presented in Chapter 3, until it makes contact with an agent. Upon making contact
with an agent (i.e. when an agent falls within the target’s radius), the target attempts
to move away from the agent by generating a velocity vector by using the repulsion
equation presented in Equation (3.3), taking all agents within its radius as repulsion
neighbors. After encountering agents for tlimit consecutive iterations, the target travels
in a straight line for tevade time-steps to attempt to outrun its pursuers. After tevade ex-
pires, the target will revert to the non-evasive movement policy until it makes contact
with an agent again. Like in the non-evasive study performed in the previous chapter,
repeated simulations using the same settings and conditions yielded results that varied
by < 1%. Figures with the uncertainty ranges can be found in Appendix C.

4.5 Simulation Results

4.5.1 Homogeneous Swarms

Impact of Degree of Network Connectivity

Single Target Tracking While tracking both evasive and non-evasive targets, high
target velocities resulted in a reduced collective tracking performance regardless of the
level of connectivity, as seen in Fig. 4.2. Given that the swarming agents’ velocities were
not increased to match that of the target, increasing a target’s velocity allows it to more
easily outrun its pursuers, hence explaining the drop in the system’s overall tracking
performance. This is similar to the results obtained when tracking non-evasive targets
seen in the previous chapter. Also, as can be expected, the tracking performances of
systems pursuing evasive targets are worse than those pursuing non-evasive targets.
Again, this is because an evasive targets makes its movements to avoid contact with
the tracking agents, thereby making this a more challenging task.

From Fig. 4.2, it can also be observed that there exists an optimal degree of connectivity,
k = k

⇤, at which the tracking performance is maximised when evasive target tracking is
carried out. This is consistent with the results seen when tracking non-evasive targets,
previously discussed in Chapter 3. Like in the non-evasive case, this optimum only
appears when the target travels faster than the individual agents. This is because at low
target velocities, it is not necessary for the system to regulate its level of exploration and
exploitation to effectively track the target; the swarm can remain constantly engaged
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FIGURE 4.2: Non-evasive target (solid line) and evasive target (dashed line) tracking per-
formance with different maximum target speeds, vo,max. Maximum agent’s velocity set at
va,max = 0.1 and memory length of tmem = 20 was given to the agents.

with the target and track it through performing purely exploitative actions. In contrast,
when the target travels faster than the agents, the swarm needs to be able to disengage
with the target to carry out more exploratory actions. This is especially true after being
outrun by the target as the agents need to be able to re-explore the search space to
re-acquire the target’s location.

Like the non-evasive case, increasing the level of connectivity, k, when tracking an
evasive target serves to increase the level of exploitation carried out by the system. This
is illustrated in Fig. 4.3 that show increasing k also increases the engagement ratio, ⇥.
However, in contrast to the non-evasive tracking case, the optimal EED balance when
tracking an evasive target favours higher levels of exploration. This is characterised
by lower k

⇤ values for the evasive target tracking case shown in Fig. 4.2. The lower
k occurs because when a target moves in an evasive fashion, it is able to outrun its
pursuing agents more frequently. As such, a system needs to carry out a higher level of
exploratory activity to locate the target; the performances of systems tracking evasive
targets are more exploration-limited than those tracking non-evasive targets. Using the
proposed strategy, such high levels of exploration are achieved using lower levels of
connectivity, resulting in k

⇤ occurring at a lower value.

These results further stress the critical need to balance the amount of exploration and
exploitation carried out by the swarm according to the task assigned. Doing so allows
it to regulate its EED and carry out the exploratory and exploitative actions necessary
to optimise a system’s performance for a given task. This changing balance will be
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FIGURE 4.3: Swarm system engagement, ⇥, with a single evasive target traveling at different
maximum speeds, vo,max. The maximum agent’s velocity was set at va,max = 0.1 and memory
length was set at tmem = 20.

further discussed in Section 4.5.1.

Multiple Target Tracking Similar to single target tracking, the swarm has a lower
k
⇤ when tracking evasive targets compared to when tracking non-evasive targets (see

Fig. 4.4). Again, this is due to the swarm requiring higher levels of exploration when
pursuing evasive targets.

Also seen in Fig. 4.4 is a reduction in k
⇤ when tracking multiple targets. This holds true

for both evasive and non-evasive targets and is because more exploration is required to
acquire information about the different targets’ location. In addition, the greater num-
ber of targets in the search space also naturally results in a higher number of target
encounters. These additional target encounters serve to increase the engagement ratio
of the system, and hence pushing the EED balance in favour of exploitation. To main-
tain the optimum balance between exploration and exploitation, more area exploration
must be carried out. These higher levels of exploration are achieved at lower levels of
connectivity, resulting in a lower k

⇤ when tracking multiple targets.

In addition to the reduction in k
⇤, the system’s tracking performance is also shown

to decrease when tracking multiple targets. This is because tracking multiple targets
simultaneously is an inherently harder task than tracking a single target. Given that
no changes are made to make the swarming agents more mobile, this reduction in
tracking performance should be expected when more targets are added to the area of
operation.



Chapter 4. Evasive Targets 73

0 10 20 30 40
k

0.2

0.4

0.6

0.8

1.0

T
ra

ck
in

g
P
er

fo
rm

an
ce

(�
)

1 Target

2 Targets

3 Targets

FIGURE 4.4: Multiple non-evasive (solid lines) and evasive (dashed lines) target tracking per-
formance (maximum agent’s velocity va,max = 0.1, memory length of tmem = 20, and maximum
targets’ velocity vo,max = 0.2).

Impact of Agent Memory Length

When attempting to track a non-evasive target in the previous chapter, a memory-less
strategy was employed to prevent agents from exploiting outdated information. This
is justified by Fig. 4.5 as it can be seen that when tracking a non-evasive target, the
addition of memory results in a small decrease in the system’s overall tracking perfor-
mance. This performance degradation is caused by agents aggregating in a location
where the target is no longer present.

However, Fig. 4.5 also shows the critical nature of short-term agent memory when
tracking an evasive target. When an agent’s memory length is set to tmem = 0, the
system is unable to effectively track the evasive target. As the memory length is gradu-
ally increased from a memory-less system, the tracking performance starts to improve
rapidly until an optimum memory length is attained before seeing a degradation in
performance. This is because the use of agent-based memory generates a persistent
point of attraction based on a target’s last known position, giving the agents the ability
to aggregate at that point. While the swarm may periodically encounter the target with-
out the use of memory, its agents will tend to repel each other when the target changes
direction and agents are no longer able to detect the target. This occurs until the agents
reach their static equilibrium positions. Given that the agents travel slower than the
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FIGURE 4.5: Single evasive and non-evasive target tracking performance with different imple-
mented agent-based memory lengths (target speed vo,max = 0.2). Tracking agents are connected
in a dynamic k = 20 network.

target, without the use of memory, the system will be unable to aggregate around the
target, preventing it from achieving its goal of target tracking. This point is illustrated
in Fig. 4.6 that shows that the system is unable to engage with an evasive targets with
very low memory lengths.

Balancing Network Connectivity and Memory

When comparing Figs. 4.2 and 4.5, it can be seen that after the optimal memory length
has been attained, changing the degree of connectivity impacts the MRS’ tracking per-
formance more compared to the effects attained by altering the memory length. How-
ever, Fig. 4.7 shows that changing the length of the memory present in each agent also
affects the optimal degree of connectivity required to maximise the tracking perfor-
mance. The figure shows that increasing agents’ memory length tends to decrease the
optimal degree of connectivity, k

⇤. This is caused by an agent’s tendency to utilise tar-
get location information for a longer period of time with longer memory lengths, thus
performing higher amounts of exploitation. This is congruent with the findings by
Nauta et al. (2020), who showed that stronger memory effects favour more exploitative
actions in a foraging scenario. Therefore, to maximise its tracking performance while
using increased memory lengths, a swarm needs to compensate for this increase in ex-
ploitation by performing more exploratory actions. Given that the memory length was
fixed in this set of experiments, this higher level of exploration can only be attained at
lower levels of network connectivity, effectively resulting in a reduced k

⇤ value.

These obtained results point to an optimal balance between exploration and exploita-
tion carried out by the swarm to maximise its tracking response. This is demonstrated
in Fig. 4.8, which shows a clear optimum level of engagement, ⇥⇤, that maximises the
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FIGURE 4.6: Evasive target system engagement with varying memory lengths. Target moved
at a speed of vo,max = 0.2. Agents were connected in a dynamic k = 20 network.
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FIGURE 4.7: Single non-evasive (solid line) and an evasive (dashed line) target tracking per-
formance while varying the length of the implemented agent-based memory and degree of
network connectivity.
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FIGURE 4.8: Engagement-Tracking plots of a swarm with different tmem and k tracking an eva-
sive (left) and a non-evasive (right) target. Darker shaded points indicate swarms using net-
works with higher values of k.

MRS’ tracking performance. The plots also show that the ideal engagement ratio maxi-
mizing evasive target tracking performance is lower than that for a non-evasive target,
⇥⇤ ⇠ 0.3 for the evasive case compared to ⇥⇤ ⇠ 0.5 for the non-evasive case. This
supports the conclusion that the tracking of evasive targets require higher amounts of
exploration. Not only do these results highlight the presence of the optimal balance
between exploration and exploitation, they also reveal the important fact that this op-
timum varies based on the task presented to the swarm.

Furthermore, Fig. 4.8 shows that excessive memory lengths (tmem = 2000) degrade
the tracking performance of the swarm when pursuing both evasive and non-evasive
targets, especially in the non-evasive target tracking case. The plot also highlights the
necessity of the inclusion of agent-based memory when tracking evasive targets as the
system without memory is outperformed by all the other systems.

4.5.2 Strategy Comparisons

Having ascertained its tracking performance, the newly developed strategy with mem-
ory is compared to three other benchmark strategies. These benchmark strategies are:
(1) k = 0 with memory—corresponding to the case where there is no inter-agent com-
munication and cooperation, (2) k = 10 without memory—corresponding to the strat-
egy introduced in the previous section, (3) k = 49 with memory—corresponding to
the case where a global communications network is used, and (4) the standard PSO
algorithm proposed by Kennedy and Eberhart, 1995. These results were obtained by
simulating the system tracking a single fast-moving evasive target. The simulations
were repeated 20 times for each of the four different strategies with different random
seeds.
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FIGURE 4.9: Tracking performance of swarms using the proposed search and track strategy
with (1) a k = 0 network with memory, (2) a memory-less k = 10 network, (3) a k = 10 network
with memory, and (4) a k = 49 network with memory, as well as a swarm using the standard
PSO algorithm. The target moved at a maximum speed of vo,max = 0.2 while the pursuing
agents travelled at a maximum speed of va,max = 0.1.

Figure 4.9 shows that by using the newly proposed strategy with memory, a multi-
agent system is indeed able to demonstrate a higher tracking performance when its
level of connectivity has been optimised. This also further emphasises the critical role
that memory plays in a swarm tracking an evasive target, as a memory-less swarm is
shown to be unable to track the target. The figure also shows the ability of the system
to outperform the standard PSO algorithm due to the strategy’s ability to modulate its
level of exploration and exploitation thanks to its lower level of connectivity and use
of a short-term agent-based memory.

4.5.3 Heterogeneous Swarms

Tracking Performance

As can be seen in Fig. 4.10, increasing the proportion of fast agents results in an increase
in the system’s tracking performance, regardless of the number of targets present.
Fig. 4.10a also reveals that these increases are proportional to the number of fast agents
integrated into the system. Being more mobile, these fast agents are better able to keep
up with the target, thereby directly improving the system’s performance. In addition to
the effect of substituting in fast-moving agents, Fig. 4.10 also unsurprisingly shows that
fewer targets to be tracked results in better system performances. Again, this is because
tracking fewer targets is a less demanding task for the MRS; simultaneous tracking of
multiple targets does not need to be carried out.

It is worth highlighting that these increases in performance are obtained without mod-
ifying the original strategy and is similar to the results seen in the non-evasive case.
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FIGURE 4.10: Tracking performance of a heterogeneous swarm tracking evasive multiple tar-
gets using a memory length of tmem = 20. Simulations for (A) were performed using a network
connectivity of k = 12 for different proportions of fast agents. Simulations for (B) were per-
formed using 15 fast agents and 35 slow agents for different levels of connectivity.

Qualitative observations made from the simulations reveal the reasons why no modifi-
cations are needed. As illustrated in Fig. 4.11, while the faster agents may flock together
when actively trying to engage with the target, they are eventually able to disperse and
distribute themselves across the swarm after losing track of the target. This is thanks to
the adaptive inter-agent repulsion component in the search and track strategy, allow-
ing the agents to have different repulsion strengths, thereby facilitating this distribution
and increasing the chances of a fast agent encountering a target.

Exploration-Exploitation Dynamics

In addition to the improved tracking performances when heterogeneous swarms are
employed, Fig. 4.12a also shows a slight decrease in the system’s k

⇤ when faster moving
agents are introduced, albeit less apparent than the decrease seen in the non-evasive
case (See Chapter 3). While this reduction in k

⇤ may seem to suggest that the EED of
heterogeneous systems lies more in favour of exploration, Fig. 4.12b shows that this
balance in fact lies more in favour of exploitation.

The reason for the reduction in k
⇤ can be seen in Fig. 4.13. As the proportion of fast

agents in the system increases, so too does the system’s engagement ratio, ⇥. This in-
crease in the system’s engagement ratio is again due to the faster agent’s greater level
mobility. As previously stated, since the faster agents are better able to keep up with
the targets, they directly increase the swarm’s tracking capability. Due to the longer
time spent tracking the target, the agents are also able to disseminate more information
about the targets’ locations across the swarm, allowing neighboring agents to remain
engaged with a target for longer and close in on it, thereby shifting the system’s EED
further in favour of exploitation. Should none of the system parameters be changed,
the increased tendency to carry out exploitative actions due to the substitution of faster
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FIGURE 4.11: Heterogeneous swarm comprised of 35 slow-moving agents (black crosses) and
15 fast-moving agents (blue crosses) tracking an evasive target (dark blue disc). (Left) Fast
agents clustering while pursuing a target; (Right) After losing track of the target, fast agents
distribute themselves around the system due to the variable inter-agent repulsion.
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FIGURE 4.12: Swarms comprised of 50 agents with different agent compositions of fast and
slow tracking a single fast-moving evasive target. (A) Tracking performance of the system
while operating with different levels of connectivity k with the optimum k decreasing as the
number of fast agents present increases. (B) Engagement-Tracking plots where darker shaded
points indicate swarms communicating through networks with higher values of k.
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FIGURE 4.13: Engagement ratio of a heterogeneous swarm tracking evasive multiple targets
using a memory length of tmem = 20. Simulations for (A) were performed using a network con-
nectivity of k = 12 for different proportions of fast agents. Simulations for (B) were performed
using 15 fast agents and 35 slow agents for different levels of connectivity.

moving agents will cause a system’s performance to become more exploration-limited.
As such, to reattain the optimal EED balance, the system needs to carry out more ex-
ploration, a task achieved by lowering its level of communication, thereby resulting in
a lower k

⇤.

However, despite the need to lower k to increase the amount of exploration carried
out by heterogeneous systems, Fig. 4.12b shows that the optimum EED balance shifts
in favour of exploitation. This suggests that the primary effect of substituting in fast
agents into a swarm is the increase of both the system’s capability and propensity to
exploit target information. Faster agents are better able to follow the target, thereby
increasing the capability of the swarm to exploit information, and as a result, are able
to disseminate target information for longer periods of time, thereby increasing ex-
ploitative tendencies. To balance the increased amount of exploitation promoted by
the faster agents, the system needs to carry out more exploration. As more exploration
is carried out at lower levels of connectivity, the optimum connectivity degree, k

⇤, de-
creases when faster agents are substituted into the system.

4.5.4 Heterogeneous Strategies

The usage of different agents within a swarm opens up the possibility of developing
differentiated strategies to further take advantage of the heterogeneous character of the
system. The usage of such differentiated strategies would potentially allow for higher
overall tracking performance. Here, the usage of heterogeneous agent memory and
communications strategies is explored.

Since it was previously determined swarms of different compositions had different op-
timal EED balances, simulations were carried out using homogeneous swarms while
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FIGURE 4.14: Evasive tracking performance of homogeneous swarms with different va, max,
and memory lengths, tmem. Simulations were run at k = 14 and vo,max = 0.3

utilising different memory lengths, as well as levels of connectivity. To ascertain the
possibility of using a heterogeneous memory strategy. However, as shown in Fig. 4.14,
the optimum memory length does not appear to change with the maximum speed of
the agents. This therefore suggests that the use of a heterogeneous strategy involving
the use of different memory lengths will not improve the tracking performance of a
swarm.

As previously demonstrated, substituting in faster moving agents serves to reduce the
optimal level of connectivity for the swarm. In addition, other studies have shown that
the optimal level of connectivity changes with the speed of the driving stimulus (Mateo
et al., 2019). As such, to explore the possibility of using a heterogeneous strategy using
different levels of connection, evasive target tracking simulations were carried out. In
this set of simulations, the level of connectivity of the fast agents (kf ) was set to be
independent from the level of connectivity of the slow agents (ks).

From the simulations performed, an optimum combination of levels of connectivity to
maximise the tracking performance is found (see Fig. 4.15). However, this optimum oc-
curs when ks = kf = 10, i.e., when a homogeneous connectivity strategy is used. None
of the other cases tested suggest that employing a differentiated strategy would fur-
ther improve a swarm’s tracking performance. These results hint that further attempts
to improve the tracking performance of heterogeneous MRS swarms should integrate
other behavioural factors: e.g., differentiated task allocation based on an agent’s place-
ment, the utilisation of target movement pattern predictions, etc.
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FIGURE 4.15: Single evasive target tracking performance of a heterogeneous comprised of 30
slow agents and 10 fast agents with slow and fast agents, each having different levels of con-
nectivity.
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FIGURE 4.16: (Top) Reconstruction of target (black circle) and robot positions and robot paths
(coloured traces) as observed through our monitoring system. (Bottom) Physical experiments
using a connectivity of k = 5 and adaptive repulsion. (A) Robots initialised at the start of the
experiments. (B) Robots without agent-based memory unable to respond to a target’s presence.
(C) Robots with agent-based memory moving towards target after being found.
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4.6 Robotic Experiments

4.6.1 Experiment Conditions

To test the validity of the proposed evasive target tracking strategy for a homogeneous
system, a swarm of 6 ORION robots (previously used for the non-evasive target track-
ing task in Chapter 3) is utilised. At the start of all tests, these 6 robots are arranged in
the middle of an open search area (see Fig. 4.16). The robots are tasked with tracking
a virtual evasive target, traveling at an average speed of 5 cm/s, following the same
evasive movement policy previously described in Sec. 4.4 with r = 0.75 m. The target’s
location is determined by a central computer that calculates its next position based on
the current locations of all of robots. It should again be noted that while the target
traveled at a slower speed than the robots, the target has infinite maneuverability com-
pared to the finite maneuverability of the robots. As such, even if the individual robots
can move faster than the target in a straight line, they effectively respond much slower
due to their low maneuverability.

All experiments are run with an all-to-all connectivity (k = 5), in an attempt to make
the response of the swarm more apparent. Two sets of tests were run, one with agent-
based memory length of tmem = 15 s, and another without any (i.e., tmem = 0 s). Each
set of tests is comprised of 10 runs, with each run lasting for approximately 2 minutes to
minimise the directional drift experienced by the robots and allow for the assumption
that the robots are able to accurately self-localise.

4.6.2 Experimental Results

TABLE 4.1: Swarm tracking performance results with and without agent-based memory ob-
tained from the robotic units.

Without Memory With Memory
39.0 31.8 48.8 63.8
47.1 39.9 46.6 44.0
37.6 40.5 64.4 37.0
32.9 37.1 40.1 58.4
30.8 35.1 48.1 42.8

Averaged 37.2 ± 4.6 49.4 ± 9.2

The robots’ locations are communicated to a central computer to enable the reconstruc-
tion and visualisation of their paths and responses to the presence of a target seen in
Fig. 4.16. The figure shows that without memory, the robots are unable to respond to
the presence of the target and tend to remain in place even when the target had been
encountered. In contrast, with agent-based memory, when an agent encountered the
target, the swarm as a whole responds to the target’s presences and the units turn to
move towards it and aid in the tracking of the target. The improved response of swarm
system to the presence of the target resulted in a significant increase in tracking per-
formance (p < 0.01), with the swarm being better able to track the evasive target for a
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longer period of time (Table 4.1). This is similar to the results obtained in the simula-
tions, validating the hypothesis that agent-based memory is required in the tracking of
a fast-moving evasive target.

While the physical experiments performed confirmed the necessity of the implementa-
tion of agent-based memory, the quantitative results obtained from the physical experi-
ments did not replicate those obtained from the simulations. Similar to the non-evasive
target tracking experiments, these discrepancies can be attributed to three reasons: (1)
the small number of robots used for the simulations, (2) the short experiment duration
relative to that of the simulations, and (3) the physical tests and the simulations were
not performed at the same scale and density. Also as demonstrated by Czirók, Stanley,
and Vicsek, 1997, statistical characterization of a multi-agent system’s order becomes
more difficult at low swarm densities. This makes it harder to predict the behaviour
of a system with low density within simulations, which could account for some of the
discrepancies between the simulation and physical experiment results.

4.7 Discussion

In this chapter, the search and track strategy proposed in Chapter 3 was further devel-
oped for implementations of swarms tracking fast-moving evasive targets. This was
done by giving agents access to a short-term memory, thereby allowing them to gener-
ate a longer lasting point of attraction. This in turn facilitated the conduct of exploita-
tive activities despite agents not having a target within their detection range. However,
it was also shown that caution should be taken to ensure that excessive memory lengths
are not used as they result in the system over-exploiting target information, thereby
leading to a degradation of tracking performance. The strategy was further validated
with physical robotic experiments, demonstrating the critical nature of agent-based
memory in the tracking of a highly maneuverable fast-moving target.

The results obtained through simulations also show that the optimum degree of con-
nectivity is lower when a system carries out evasive target tracking compared to when
it carries out non-evasive target tracking. This is because the former is a task that de-
mands higher level of exploration since the target moves to avoid being detected by the
agents. This higher level of exploration is achieved by lowering the system’s level of
connectivity, thereby reducing the optimum level of connectivity, k

⇤. A similar drop in
k
⇤ was also observed when comparing the multi-target tracking to single-target track-

ing. Again, this reduction in k
⇤ was due to the system increasing its level of exploration

to search for more targets, as well as to compensate for the additional levels of exploita-
tion provoked by the higher probability of encountering a target.

Similar to the original memory-less strategy, it was also shown that the new strategy
with memory is able to be used in heterogeneous swarms comprised of agents of dif-
ferent speeds. During its implementation, increasing the proportion of fast agents in
the system is shown to result in better tracking performances. This observation can
be attributed to the higher mobility of the faster agents that gives them the ability to
better keep up with and track the targets. With the fast agents better able to follow
a target, information on the targets’ locations are disseminated for longer periods of
time, leading to higher levels of engagement with the target. This suggests that the
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addition of fast agents into a system increases a system’s exploitation tendencies and
capabilities, as well as shifts the overall EED balance of these types of heterogeneous
systems in favour of exploitation. However, even though this optimum EED shifts in
favour of exploitation, the additional amount of exploitative activity generated through
the introduction of fast-moving agents must be tempered; simply inserting fast-agents
into a system without modifications to the overall strategy and behaviour can cause
the swarm to perform too much exploitation, thereby becoming a system that has its
performance limited through a lack of exploration. As such, to maximise the perfor-
mance of such heterogeneous systems, more exploration must be encouraged, a task
achieved by reducing a system’s level of connectivity. Therefore, the results also show
that changing the composition of the swarm results in changes in the optimum degree
of connectivity due to the changing optimal EED balance, with systems comprised of
higher proportions of fast agents displaying lower k

⇤.

Complementing the work presented in the previous chapter, the results laid out in this
chapter show another two parameters that need to be considered when finding the
optimal EED balance of the system: the movement profile of the target (i.e. the tar-
get’s evasive or non-evasive behaviour) and the system’s level of heterogeneity. When
accounting for the system’s level of heterogeneity, both the ability and tendencies of
the individual units to carry out exploration and exploitation must be considered in
strategy development. For example, systems that employ agents that have higher ex-
ploitation capabilities and tendencies, as was the case here, must utilise strategies that
can moderate the amount of exploitative actions carried out to ensure that the entire
system is able to maintain the optimal EED balance.

Furthermore, the results in this chapter also indicate that in environments where per-
tinent information is scarce, efforts need to be made to continuously exploit what little
information is available to the swarm. However, this is done at the risk of the exploited
information becoming outdated. As such, a balance needs to be struck on how long a
system should spend exploiting the same piece of information.
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Chapter 5

Swarm Density

5.1 Introduction

One of the key design parameters that an MRS designer must consider is selecting the
number of robotic units required to achieve a desired performance for a given task and
environment. In many MAS, be it an engineered system or one occurring naturally, it
has been shown that effective system performances emerging from collective behaviour
requires a critical number of swarming agents. Specifically, Schranz et al. (2021) stated
that “the advantages of swarm intelligence algorithms can only be exploited if a critical
mass of swarm members is reached.” However, a system’s collective behavior is not the
only consideration when determining its size. For a given task, several other aspects
also influence the selection of the number of swarming agents, such as: (1) system
scalability (i.e., the capacity of a system to continue functioning properly when the
number of its components substantially varies) (Dorigo, Theraulaz, and Trianni, 2021),
(2) technical capabilities of the individual agents (e.g., communications range, sensor
range, maneuverability, maximum speed, etc.), and (3) financial or logistical constraints
(i.e., the number of robots that can be built, stored, and operated given the available
resources) (Schroeder, Trease, and Arsie, 2019).

Current MRS sizes cover three orders of magnitude. These range from the 1024-unit
Kilobot swarm by Rubenstein et al. (2014), to the 150 unit subCULTron system by The-
nius et al. (2016), to the hunter drone swarm by Souza, Castillo, and Vidolov (2022) that
can operate with less than 10 units. It should be noted that there is no consensus on
what constitutes a robot swarm in terms of the number of units. However, in the vast
majority of works, it is often unclear how this quantity is selected. Would a half-sized
Kilobot swarm perform vastly differently from the full-sized Kilobot MRS? At the other
end of the spectrum, the same question can be posed to system designers who utilise
relatively small systems, e.g., with 10 or less units. While it is often argued that such a
small system size would be sufficient for the task at hand (Zoss et al., 2018; Kit et al.,
2019), one is often left wondering if the limit in the actual number is not related to other
factors, such as the logistical, financial, or technical challenges just discussed.

The content in this chapter is intended for publication in:
Kwa, H.L., Philippot, J., and Bouffanais, R. [In Review]. “Effect of Swarm Density on Collective Tracking
Performance”. In: Swarm Intelligence.
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One of the main parameters taken into consideration when sizing an MRS is the di-
mensions of the planned operating environment. This inextricably links the problem of
MRS sizing to the density of agents. Indeed, many works hint at the existence of a min-
imum critical density required to yield effective swarm self-organisation. For example,
individual Kilobot units are only able to communicate with each other at a maximum
distance of 10 cm (Rubenstein et al., 2014). Similarly, it was determined by Hornischer
et al. (2020) that for a robot to function as intended in their system, a minimum of
3 other robots had to be located within an agent’s communication range. In both of
these systems, a high swarm density is required due to their limited communication
ranges. Beyond the constraints in communications or information exchange, a scaling
law has been used to quantify the effectiveness of the BoB system when placed a dy-
namic area monitoring scenario with 50 buoys for a pre-determined surface area (Zoss
et al., 2018).

Fundamentally, the question of the selection of an MRS size, or equivalently its agents
density, for a given task has never been systematically and satisfactorily answered, if
at all. As already mentioned, the importance of a minimum density has long been
acknowledged to ensure the emergence of a desired collective behaviour in simplis-
tic physics models, such as the paradigmatic self-propelled particles (SPP) in Vicsek’s
model (Vicsek et al., 1995). Regardless of the amount of noise present in the sys-
tem, it was shown that the agent density is key in ensuring the self-ordering process.
Specifically, at low density, the SPP swarm exhibits a disordered state that undergoes
a phase transition leading to an ordered phase, the phase where all SPP being practi-
cally aligned, when increasing the density of agents. Beyond the simplistic case of SPP
seeking to align their direction of travel, Hamann (2012) considered the effect of swarm
size and density—the surface area being kept constant—on system-level performance
for several collective behaviors and decision-making protocols. This revealed super-
linear performance increases when the system was enlarged, followed by a decrease in
performance once the swarm exceeded a certain size. This performance degradation
was attributed to the increasing effect of interference on the system’s performance, re-
sulting from the elevated amount of collision avoidance behavior carried out by the
agents. Besides collective motion, the problem of a system’s exploration-exploitation
balance„ also needs to be considered. In various computational optimisation tasks,
such as virtual agents carrying out particle swarm optimisation, and in the operation
of MRS, larger swarms have been shown to exhibit higher levels of exploratory activ-
ity (Shishika and Paley, 2019; Piotrowski, Napiorkowski, and Piotrowska, 2020). How-
ever, as seen in the previous two chapters, this large amount of exploration needs to be
paired with an adequate amount of exploitation to make use of the information gath-
ered during the exploration process.

Besides performance concerns, the failure to account for a system’s density during the
development process may result in a mismatch between the behaviours and perfor-
mance predicted in virtual models and those observed in an actual system deployed
in a physical environment, thereby widening the simulation-reality gap (Bozhinoski
and Birattari, 2021). This was evident in the results presented in Chapters 3 and 4.
These results showed that while there were clear benefits to using the newly proposed
strategies in physical systems, the final performances of the robot swarm were notably
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poorer than those modelled by the simulations. In addition to the lack of modelling
interactions between the robots and their physical environments, which also played a
role in this discrepancy (Zhong et al., 2018), a large part of deviation between simulated
and empirically obtained results can be attributed to the different densities used.

In light of this, the work presented in this chapter studies the effects of density on the
tracking performance of an MRS using the strategies previously presented in Chap-
ters 3 and 4. Given the importance of a swarm’s exploration and exploitation balance,
the influence of swarm density on this balance is also examined with the goal of show-
ing how this density ultimately affects the overall system performance. The investi-
gation reveals three density ‘phases’ that characterise the tracking ability of an MRS,
namely: (1) a low density phase where the system is simply unable to carry out the
tracking task, (2) a transition phase where the performance of the system rises very
quickly with increasing swarm density, and (3) a high density phase where the system
is able to continuously track the target without any interruptions. These phases occur
regardless of the number of agents within the system. Here, we identify the factors that
affects the transition between these phases. Finally, the results indicate that while the
swarm density is an important element in swarm design, the total number of agents
used within an MRS must also be considered even when the swarm density is kept
constant. It should be noted here that while there are also stochastic methods that at-
tempt to control agent density, such as those using Markov processes (Açikmeşe and
Bayard, 2012; Elamvazhuthi and Berman, 2019; Biswal, Elamvazhuthi, and Berman,
2021), these are not in the scope of this thesis. This work focuses mainly on strategies
employing deterministic methods, in line with the strategies already presented.

5.2 Related Work

5.2.1 Swarm Size and Exploration

The number of units employed within a multi-agent system is one of the basic param-
eters that a system designer needs to select. In MRS or virtual multi-agent systems
(MAS), studies on a system’s size usually occurs within an environment of a fixed size.
As such, adding agents into a system equates is equivalent to an increase in agent
density, and conversely removing agents results in a system with a lower swarm den-
sity. In the field of optimization, the number of agents, sometimes known as candi-
date solutions, employed is synonymous with the amount of exploration carried out
by a system (Van Den Bergh and Engelbrecht, 2001; Piotrowski, Napiorkowski, and
Piotrowska, 2020). As can easily be understood, using a larger number of agents al-
lows the system to more thoroughly explore the search space, thereby reducing the
chances of the optimisation algorithm to settle in local optima. Similar observations
were made when studying bee colonies in the wild where it was observed that larger
groups were able to employ more scouts, thereby increasing the amount of exploration
carried out and the accuracy of the colony’s final consensus (Schaerf et al., 2013). These
results were also observed in engineered MRS, with system performances tending to
increase with larger system sizes (Kit et al., 2019; Prasetyo, De Masi, and Ferrante, 2019;
Shishika and Paley, 2019; Jurt et al., 2022). Similar to the MAS used in optimisation and
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those found in Nature, these increases in performance are attributed to the increased
exploration carried out by the larger systems.

5.2.2 Marginal Utility

Given that larger MRS tend to yield systems with better performance, some studies
have focused on the marginal utility gain when adding agents. These works focus on
the marginal utility gain under the context of resource foraging. One of the earliest
works on this topic was done by Lerman and Galstyan (2001), who demonstrated that
while additional robots may indeed improve the foraging performance of the group as
a whole, the amount of resources gathered by each robot, i.e., their individual efficiency,
decreases. This is due to the increased level of physical interference in larger systems
caused by the robots colliding with each other. Similar results were also demonstrated
by Kit et al. (2019) in a collective area mapping task and by Sung et al. (2018) and Sung
et al. (2020) in a target tracking scenario. However, in target tracking, unlike resource
foraging and area mapping, the swarm performance no longer increases after the MRS
reaches a certain size. This is because at this point, the system is able to track the target
regardless of how it moves. As such, the addition of units into the MRS provides no ex-
tra performance gain for the system. Interestingly, even in MAS optimisation, it is often
reported that increasing the number of agents beyond a certain point yields a marginal
benefit to the system’s accuracy and notably lengthens computational times (Roeva,
Fidanova, and Paprzycki, 2015).

The reducing robot efficiency with increased system size and higher agent densities is
known in economics circles as the “Law of Diminishing Marginal Returns” and was
modeled in MAS by Hamann (2012). This was done using an exponential function that
accounted for both the benefits of inter-agent cooperation and the detriments caused
by the additional interference. Subsequently, Schroeder, Trease, and Arsie (2019) com-
bined this multi-agent performance strategy with a simple cost model to maximise the
performance of their foraging MRS while minimizing the overall system cost by finding
the ideal number of robots to be constructed for their system.

The diminished marginal utility caused by the addition of more agents may be fur-
ther aggravated if common resources are to be shared and exploited. In a foraging
task, Hecker, Carmichael, and Moses (2015) concluded that when agents were tasked
with depositing gathered resources at a central location, individual robot efficiency
decreased further in large swarms due to robots being required to travel longer dis-
tances to obtain resources. This is in contrast to the shorter distances to be travelled
should the robots be allowed to deposit their collected resources in multiple locations
scattered around the environment. In Rosenfeld, Kaminka, and Kraus (2006), the au-
thors showed that the over-exploitation of common resources results in a higher level
of physical interference between agents. In turn, this increased interference may re-
sult in negative marginal utility, i.e., the performance of the system decreases when
more agents are included within the MRS. This occurs despite the higher amount of
exploration taking place due to the increased swarm density and is because the advan-
tages provided by the additional exploration is overshadowed by the exponentially
larger level of interference encountered by the individual agents. This result was also
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demonstrated by Hamann (2018) in a stick-pulling task, allowing the author to demon-
strate three separate phases when adjusting a swarm’s size: (1) a phase where agents
do not collaborate enough and do not make full use of the available resources, (2) a
phase where agents share too much information, resulting in the depletion of shared
resources, and (3) an intermediate phase where the resources are neither underutilised
nor over-utilised, resulting in the optimal performance of the system.

5.2.3 Motility-Induced Phase Separation

The increased amount of physical interference between agents is more apparent in sys-
tems tasked with clustering around certain points, such as those carrying out target
tracking and consensus tasks. As previously mentioned, high levels of clustering re-
sults in elevated levels of physical interference in areas of high local swarm density.
This in turn results in a positive feedback loop, causing more agents to aggregate in
preexisting areas of high local agent densities in a phenomenon known as Motility-
Induced Phase Separation (MIPS) (Cates and Tailleur, 2015). The buildup of agents in
specific areas results in excessive amounts of exploitation, thus degrading the system’s
performance. To combat such excessive levels of exploitation caused by MIPS, several
strategies have been developed to take into account the local swarm density around
individual agents. When using an MRS to identify areas of high light intensity, mod-
ifications were made to the original BEECLUST algorithm, allowing robots to move
off from its waiting position should it determine that it is located within an area with
high agent density. This subsequently prevented excessive flocking of agents and en-
couraged a higher level of exploration, thereby making the system more responsive to
dynamic environment changes (Wahby et al., 2019). Li et al. (2017) developed a strat-
egy to control the positional distribution of robots in an MRS based on local swarm
density and the strength of a signal field. To carry out a foraging task, Pang et al. (2019)
varied the step size taken by each robot based on its local swarm density estimation. In
target search and track tasks, many strategies, including the ones presented in this the-
sis, have incorporated inter-agent repulsion to prevent the excessive flocking of robots
at a single location, thereby promoting area exploration (Zhang et al., 2019a; Dadgar,
Couceiro, and Hamzeh, 2020).

5.3 Simulation Methods and Metrics

The same simulated operating environment introduced in the previous chapters is used
for this investigation on swarm density. To vary the swarm density, the width of the
operating space, L, and the number of agents in the swarm, N are both varied. When
N is kept constant, L is changed such that L 2 [100.6

, 102.65]. Similarly, when L is kept
constant, N is varied such that N 2 [20, 30, 40, 50].

Instead of the engagement ratio used previously, in this chapter, the exploration ratio,
⇤, is used to study the overall EED balance of the system. This is simply defined as:

⇤ = 1�⇥. (5.1)
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In place of the engagement ratio, the tracking performance (previously defined in Eqn. (3.5))
is used to quantify the level of effective exploitation; i.e., exploitation that contributes to
tracking of the target. This is in contrast to the engagement ratio that includes ‘wasted’
exploitation, such as the exploitative activity carried out by agents clustering at a loca-
tion where the target is no longer present.

In addition, a new metric is introduced for the study of agent density or swarm density.
It should be noted that these two terms are used interchangeably. This is calculated as
follows:

⇢ = N/L
2
. (5.2)

Moreover, the concept of local swarm density is quantified by means of the measure of
the average distance from each agent to its 6 nearest neighbors (see Appendix A for
further details about the choice of this particular value). This allows for the calculation
of the local swarm density for each agent. The local density is then averaged for all
agents in the swarm across the entire duration of the simulation:

⇢L =
1

NT

TX

t=1

NX

i=1

7

⇡L2
i

, (5.3)

where Li is the average distance from an agent to its six closest neighbours (see Ap-
pendix A for the justification of why six neighbours were used). Using ⇢L, one can
quantify the level of clustering carried out by a system’s agents. This is done by find-
ing the difference between the swarm density and the average local swarm density:
�⇢ = ⇢L � ⇢, referred to as the density difference.

5.4 Results

5.4.1 Effect of Swarm Density on Tracking Performance

To investigate the effects of swarm density on tracking performance, simulations were
run with different swarm sizes, ranging from N = 20 to N = 50, tracking a non-evasive
target. In Fig. 5.1, three separate ‘phases’ can be observed. At low density (⇢ . 10�3),
the system is effectively unable to track the target. This is due to the large distances
between agents, preventing the units from effectively clustering together and tracking
the target. It is worth stressing that in the model used in this set of simulations, the
quality of information exchanges remain unaffected by the large inter-agent distances,
i.e., the agents keep the same number k of topological neighbors and communications
are assumed to be perfect. At high density (⇢ & 10�1), the system is able to carry
out near-perfect tracking of the target. At these densities, due to the small inter-agent
separation and the lack of open space for the target to move into, the agents are able to
constantly keep track of the target.

Between these two phases sits a ‘transition’ phase in which the tracking performance
⌅ sharply rises with ⇢. The start of this so-called transition phase can be traced to
the ability of agents to effectively cluster around a point of attraction. This ability to
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FIGURE 5.1: A swarm of N = 20, 30, 40, and 50 agents with varying levels of connectivity k

and swarm density ⇢ tracking a fast-moving non-evasive target traveling at vo,max = 0.15. In
the low density phase, the system is unable to track the target. In the high density phase, the
system able to track the target continuously without interruptions. Between these two phases,
there is a transition phase in which the tracking performance of systems rapidly increase with
swarm density, ⇢.

cluster is revealed by the increase in density difference �⇢ versus ⇢ (Fig. 5.2). The
density at which the transition phase starts appears to be independent of N (Fig. 5.1).
The inability of the agents to cluster and make use of target information suggests that
at low density, the system’s performance is limited by its lack of exploitation. This
is because when the level of connectivity, k, is constant, the same number of agents
are drawn to the target. However, when approaching the high density phase, large
swarms outperform smaller ones, since the latter tend to dedicate more resources—i.e.,
a larger proportion of agents—to exploiting target information, thus leaving very few
agents to carry out area exploration. Therefore, it can be said that these small systems
tend to have their tracking performance limited by a lack of exploration. In summary,
low density swarms are exploitation-limited, while high density ones are exploration-
limited. The implications of swarm size and its level of connectivity on the systems
EED will be explored in the subsequent sections. The effect of other factors on the
system’s behaviour in the transition phase can be found in Appendix B

5.4.2 Effect of Swarm Density on Exploration-Exploitation Dynamics

To determine the effects of changing a swarm’s density on its EED, the system’s level
of exploration is calculated by calculating an exploration ratio, ⇤, which is a system-
level metric. It should be noted again that this ⇤ is the inverse of the exploitation ratio,
⇥, introduced and used in the previous chapters. A system with a high ⇤ value will
correspondingly have a low ⇥, thereby indicating that the swarm is biased towards
carrying out exploration. Conversely, low ⇤ values are associated with high ⇥ values
and point to a shift of this bias towards exploitation. In addition to quantifying the
performance of the swarm, the tracking performance ⌅ can also be used to quantify the
effectiveness of the swarm’s exploitative actions; high levels of ⌅ serve as an indicator
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FIGURE 5.2: Density difference �⇢ of a swarm comprised of N = 50 agents with various de-
grees of connectivity k, tracking a fast-moving non-evasive target traveling at vo,max = 0.15.
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of a high level of effective exploitation. Note that in what follows, any optimum sought
will be with respect to maximising ⌅.
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FIGURE 5.3: Tracking performance, ⌅, and exploration ratio, ⇤, of a swarm of N = 50 agents
using various levels of connectivity, k, while tracking a non-evasive target traveling at vo,max =
0.15.
The existence of a trade-off between exploration and exploitation for collective tasks
has previously been reported in different MAS (Oliveira et al., 2017). However, a clear
understanding of the underpinning of this trade-off is lacking. The work in this section
serves as a quantitative analysis of this EED balance across the density spectrum. Start-
ing with the low density phase identified in Fig. 5.1, the EED balance is fully skewed
towards exploration regardless of the level of connectivity k, as evidenced by Fig. 5.3.
At such low swarm density, even heavily favouring the conduct of exploitative ac-
tions through high levels of k is insufficient to yield minimal tracking of the target;
the swarming strategy is plainly ineffective. As the system moves into the transition
phase, which can be seen in Fig. 5.3, the trade-off between exploration and exploitation
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becomes apparent. This is rooted in the fact that small inter-agent distances make it
easier for individuals to flock together, in turn promoting the exploitation of any target
information picked up by exploring agents. As ⌅ increases, more resources become
allocated to exploitation and the exploration ratio ⇤ decreases in tandem. In this tran-
sition phase, the influence of the connectivity, k, is clearly marked. As reported in the
previous section, the rise in ⌅ occurs at lower density for high k systems compared to
low k ones. Specifically, when looking at the k = 35 case in Fig. 5.3, a rapid decrease
in ⇤ can be observed across the entire transition phase, almost to the point where no
exploration is carried out at all. This should be compared to the k = 5 case, for which
at the higher density end of the transition phase, high ⌅ values are achieved while still
maintaining a relatively high level of exploration, ⇤. It is therefore interesting to notice
that in that case, this trade-off is not associated with mutually exclusive actions; it is
still possible to maintain high levels of exploration while carrying out similarly high
levels of exploitation at intermediate to high densities (8 ⇥ 10�2 . ⇢ . 1 ⇥ 100). This
is congruent with the current literature, which has been explored in Chapter 2, where
it has been shown that systems are able to carry out both exploration and exploitation
simultaneously. Finally, when moving to the high density phase, which is exploration-
limited, one is better able to understand why low k systems outperform high k ones.
Indeed, with a low connectivity, maximum tracking performance is achieved while still
allocating resources to exploration. This effective EED balance at k = 5 therefore helps
sustain high levels of system’s vigilance, which is key to achieving the coveted high
tracking scores. In comparison, with k = 35, the rise in ⌅ across the transition phase,
although starting earlier, is not as rapid as in the case k = 5. For ⇢ & 10�1 (in the right
half of the transition phase), the rise in ⌅ markedly slows down, thereby requiring fairly
high swarm densities to achieve perfect tracking. This noticeable drop in performance
is traced to the reduced system’s vigilance given the rapid drop in ⇤.

This rich and complex set of behaviours highlights an important fact: adaptivity, the
ability of the system to modify its actions, in the MAS behaviour is thereby required
when varying the swarm density. Indeed, at a given density, adaptivity allows one to
seek the optimal EED balance that yields maximal tracking. Note that in the present
search and tracking problem, the level of connectivity, k, serves as the ‘adaptivity’ lever.
At this stage, the next question arising is how can one identify the optimum EED bal-
ance (i.e., the value of k here) at any given density ⇢.

Since there are different exploration-exploitation balances associated with different per-
mutations of swarm densities and levels of connectivity, there exists an optimum level
of connectivity for each density. This is illustrated by the grey-shaded region in Fig. 5.4a
that reveals the existence of a crossover in performance within the transition region.
Specifically, at low density, a higher level of tracking is achieved with a higher connec-
tivity, while at higher density (beyond the crossover), the converse is true.

To gain better insights into these phenomena, we turn to the variations of the explo-
ration ratio ⇤ with ⇢. Low degrees of connectivity, k, are associated with higher lev-
els of exploration across the density spectrum (Fig. 5.4b). Indeed, a reduced k limits
the spread of the target’s positional information to a small subset of agents. Con-
sequently, the agents beyond that subset are left to explore the surroundings. Since
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FIGURE 5.4: A swarm of N = 50 agents tracking a fast-moving non-evasive target traveling
at vo,max = 0.15. 5.4a: Relationship between a swarm’s tracking performance (⌅) and the av-
erage swarm density (⇢) while operating at different levels of connectivity (k). The crossover
region, where the optimum k maximises ⌅, is highlighted in grey. 5.4b: Relationship between a
swarm’s exploration ratio (⇤) and the average swarm density while operating at different levels
of connectivity. 5.4c: Relationship between the system’s tracking performance and exploration
ratio. Lighter shaded points represent systems with lower k while darker shaded points repre-
sent systems with higher k. The optimum level of exploration, ⇤⇤, is represented by the dotted
line with exploration-limited systems lying on the left of that line, while exploitation-limited
systems lie on the right. All three densities considered fall within the transition region (see
Fig. 5.1).
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swarms with low k tend to be exploitation-limited, they perform worse when operat-
ing at low ⇢, where the conditions are known to hamper the conduct of exploitative
activities. Conversely, high k values promote the social transmission of information
between agents. Thus, agents are able to better exploit this information collaboratively
and cluster around the target. This higher level of exploitation allows high k systems
to outperform low k systems at low ⇢.

As expected, when increasing the density within the transition phase, the reduced
inter-agent distances promote exploitation and the ensuing clustering of agents. In-
terestingly, at the higher end of the transition phase (past the crossover), low k sys-
tems outperform high k ones. Indeed, at these densities, such high k systems exhibit
over-exploitative actions, which can be qualified as ‘redundant’ since excessive agent
clustering around the target does not contribute to the tracking performance. As a
consequence, these systems at these densities end up being exploration-limited.

The fact that a system’s optimal level of connectivity changes with ⇢ can be further
explained using Fig. 5.4c that shows the presence of an optimum level of exploration
⇤⇤ at which tracking performance is maximised. As already mentioned, for a given
swarm density, ⇢, there exists an optimal level of connectivity, k

⇤, such that ⌅(k⇤
, ⇢) =

maxk(⌅(⇢)) (Fig. 5.4a). As such, ⇤⇤ = ⇤(maxk(⌅)). Although this optimum exploration
level, ⇤⇤, cannot easily be deduced from Fig. 5.4b, it is readily apparent in Fig. 5.4c, in-
dicated by the vertical dotted line. Interestingly, while determining the exact position
of ⇤⇤ requires further study, it appears to remain constant even as ⇢ changes, which
is connected to the changes in k

⇤ from one swarm density to the next. Furthermore,
⇤⇤ clearly delineates between two regions corresponding to exploration-limited and
exploitation-limited systems; systems found to the left of the optimum are limited by
their lack of exploration while systems on the right of the optimum have their perfor-
mances limited by a lack of exploitation. This leads to the important conclusion that a
system’s level of connectivity, which serves as the ‘adaptivity’ lever as discussed ear-
lier, must therefore be adjusted to manage and achieve an optimum balance between
exploration and exploitation; a result previously suggested in several studies (Talamali
et al., 2021; Horsevad et al., 2022).

5.4.3 Effect of Swarm Size

In previous sections, compelling evidence has been given showing that the concept of
swarm density is key to the analysis of any MAS. A minimum density is necessary to
trigger effective emergent collective actions. Furthermore, as the density increases, the
existence of a complex balance between exploratory and exploitative actions reveals
that these emergent properties are strongly dependent on the density. Nonetheless,
one should not be put aside unavoidable finite-size effects; for instance, due to the
limited number of agents employed within any MRS, usually constrained by financial
and logistical challenges (Schroeder, Trease, and Arsie, 2019). As such, the role that a
system’s size plays must be acknowledged. It is therefore necessary to complement the
presented density analysis by investigating the effects of swarm size.

As previously discussed, in natural animal collectives and computational optimization
problems, increasing the number of agents within a system primarily serves to increase
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FIGURE 5.5: Exploration ratios of a swarm of N = 50, 40, 30, and 20 agents for three differ-
ent levels of connectivity k and varying swarm densities ⇢ tracking a fast-moving non-evasive
target traveling at vo,max = 0.15.

the level of exploration carried out. Figure 5.5 illustrates that this is also the case in the
target tracking swarm. Especially as the swarm density increases and when operat-
ing at high levels of connectivity, the figure shows that large systems tend to maintain
higher exploration ratios compared to small systems. This is because the level of explo-
ration carried out by the swarm varies according to k/N , the number of neighbors an
agent has as a ratio to the total size of the swarm, as shown in Fig. 5.6. These results sug-
gest that exploration is a system-level action and therefore depends on the proportion
of agents carrying out exploratory activity. When one agent transitions from explo-
ration to exploitation, small swarms lose a larger amount of their exploration capacity
compared to large swarms (10% in a swarm comprised of 10 agents compared to 2% in
a swarm comprised of 50 agents). As such, when using similar levels of connectivity,
large systems tend to have a larger proportion of agents that remain unengaged with
the target, allowing them to sustain higher levels of exploration compared to systems
comprised of fewer units.

The system-level nature of exploration can also be observed when analysing the track-
ing performances of differently sized systems. Figure 5.7 illustrates that there also ex-
ists an optimal level of connectivity (k⇤) maximizing a system’s tracking performance.
At k < k

⇤, the system operates in the exploitation-limited phase. Conversely, at k > k
⇤,

the system belongs to the exploration-limited phase. Therein, it can be seen that all sys-
tems experience similar losses in performance that are proportional to k/N , regardless
of system size. This further highlights that the amount of exploration carried out by a
system is effectively a global property.

In contrast, when operating in the exploitation-limited phase, it can be seen that the
systems’ performances are proportional to k, the absolute number of neighbors, regard-
less of the system size. This shows that exploitation is a local-level task that depends
on the number of agents that are able to cluster around the target. When operating in
the exploitation-limited phase, using the same level of connectivity results in the same
number of agents being drawn to the target, thereby keeping the level of exploitation



Chapter 5. Swarm Density 99

0.0 0.2 0.4 0.6 0.8 1.0
k/N

0.5

0.6

0.7

0.8

0.9

1.0

E
xp

lo
ra

ti
on

R
at

io
(�

)

50 Agents

40 Agents

30 Agents

20 Agents

FIGURE 5.6: Exploration ratios of a swarm of N = 50, 40, 30, and 20 agents with varying levels
of connectivity at a swarm density of ⇢ = 0.0444, tracking a fast-moving non-evasive target
traveling at vo,max = 0.15.

constant across systems with different numbers of agents.

Besides the trends observed in exploration and exploitation, Fig. 5.7 also reveals that
small swarms display lower maximum tracking performances, as well as a lower k

⇤,
when compared to a large swarm. This can be traced to the lower capacity of small
swarms to concurrently carry out exploratory and exploitative actions. As the level of
connectivity of a small swarm rises, the system rapidly dedicates larger proportions
of agents to the exploitation task by having them engage with the target. This in turn
reduces the proportion of agents carrying out exploration, causing the system to move
from the exploitation-limited to the exploration-limited phase more quickly than for
larger swarms.

The lack in exploitation capacity also explains the trends seen in Fig. 5.8 that shows
the swarm’s performance when it is operating closer to the low density phase. Here,
it can be observed that the tracking performance still increases proportionally with k,
further confirming that the task of target tracking, and hence exploitation, requires lo-
calised coordination. However, for the swarms comprised of 30 and 20 agents, tracking
performance continues to rise when k is increased and does not display a peak. This
suggests that, due to the small number of agents and the large distances between them,
the swarm is unable to fully exploit the target’s positional information when it is found.
As such, there is no optimal level of connectivity and no transition to the exploration-
limited phase.
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FIGURE 5.7: Tracking performance of a swarm of N = 50, 40, 30, and 20 agents with varying
levels of connectivity at a swarm density of ⇢ = 0.0444, tracking a fast-moving non-evasive
target traveling at vo,max = 0.15. Tracking performances are plot against k (left) and k/N (right).

5.5 Discussion

The work done in this chapter considers a non-evasive tracking task performed over a
range of swarm densities. In doing so, the results reveal three density ‘phases’ corre-
sponding to different MRS tracking abilities, namely: (1) a low density phase where the
system is simply unable to carry out the tracking task, (2) a high density phase where
the system is able to continuously track the target without any interruptions, and (3)
an intermediate transition phase between the two where the performance of the sys-
tem rises very quickly with increasing swarm density. Within this transition phase,
it is observed that the value of the optimum level of connectivity, k

⇤, decreases when
the swarm density is increased. This is due to the system’s changing exploration and
exploitation dynamics provoked by the density variations. At low density, systems
tend to carry out high levels of exploration, leading to systems that have their tracking
ability limited through a lack of exploitation, thereby leading to the higher compara-
tive performance of high k systems. Conversely, at high density, systems tend to carry
out high levels of exploration and are therefore more likely to be exploration-limited,
thereby favouring the use of low k systems.

In addition, the results presented also point to the fact that exploitation is a local task,
which depends on the total number of agents carrying out exploitation, while explo-
ration is a global one, which depends on the proportion of agents exploring the en-
vironment. As such, when comparing a large swarm to a small one operating at the
swarm density, the large swarm will be expected to out perform the smaller system due
to its ability to allocate more agents to carry out exploitation of a target’s positional in-
formation, yet still retain a high proportion of agents exploring the environment.

When considering a system of N robots that collaboratively performs a given task over
a given domain area, a system designer typically seeks the minimum number of units
to accomplish this task, usually defined by a specific metric. On one hand, with too few
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FIGURE 5.8: Tracking performance of a swarm of N = 50, 40, 30, and 20 agents with varying
levels of connectivity at a swarm density of ⇢ = 0.02, tracking a fast-moving non-evasive target
traveling at vo,max = 0.15. Tracking performances are plot against k (left) and k/N (right).

robots, the MRS inevitably fails to coordinate the actions of individual units, thereby
hindering the emergence of a robust collective response. On the other hand, with too
many robots, unavoidable interference in the coordination of behaviours yields a sub-
optimal performance and a waste of resources. This points to a range of values for N

that is neither too low, nor too high. More generally, this points to the existence of an
interval in agents density over which, the system goes from poor, or even non-existent,
collective action to a maximum in collective performance. For the collective task of
target tracking, the work presented in this chapter has clearly found such an interval:
the aforementioned transition phase. From the perspective of an MRS practitioner, one
should seek all possible ways to shift this interval towards the lower density values.
This would amount to achieving better tracking performance with a smaller system
size, thereby taking a fuller advantage of the system’s swarm intelligence and at the
same time, reducing the cost of the system.
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Chapter 6

Conclusions and Future Outlook

6.1 Summary of Findings

The work presented in this thesis was done to answer the the main research question,
“How can an decentralised MRS be made to find and track a target that can move
faster than any of its component robots?” To this end, a novel strategy that can be used
by a decentralized MRS in a target search and track task was developed. This strat-
egy is unlike any approaches currently used in the literature as it allows the system
to track targets that can move faster than any of the system’s component units. With
the proposed method, an MRS is also able to cope with the simultaneous tracking of
multiple targets, as well as targets that move in both evasive and non-evasive fashions.
The strategy is comprised of two components: (1) a component that attracts agents to-
wards a target’s position, which was inspired by the Social-Only PSO algorithm first
proposed by Engelbrecht (2010), and (2) an adaptive repulsion component that pro-
motes area exploration, as well as serves as an anti-collision measure. The use of this
strategy is facilitated through the use of a topological k-nearest neighbour communi-
cations network that allows a user to change an agent’s number of communications
neighbours. In the pursuit of an evasive target, the attractive component is augmented
with an agent-based short-term memory, thereby allowing agents to aggregate around
a location based on a target’s position history. While most of the work done in this
thesis was performed in virtual simulations, the key behaviours crucial to an MRS’s
tracking performance, namely the aggregation around a target’s position and inter-
agent repulsion, and their effects on the system performance were also demonstrated
through their implementation in a physical MRS. The results presented in this thesis
show that the search and tracking of fast-moving targets need not be limited to the do-
main of MRS with infinite sensor range, as was the case for Janosov et al. (2017) and
that the presented strategy facilitates the tracking of such targets in a wide range of
scenarios. Indeed, the newly proposed strategy was shown to be able to outperform
other benchmark strategies commonly found in the current literature.

Parts of the content in this chapter is intended for publication in:
Kwa, H.L., Philippot, J., and Bouffanais, R. [In Review]. “Effect of Swarm Density on Collective Tracking
Performance”. In: Swarm Intelligence.
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When studying the effects of varying a system’s parameters on its tracking perfor-
mance and exploration-exploitation dynamics (EED), it was established that changing
an agent’s level of connectivity, k, was the primary means that allows one to change
the swarm’s EED. In increasing k, the system more readily disseminates a target’s po-
sitional information among its component agents, thereby making the system more
inclined to cluster around a target and carry out exploitation. In contrast, reducing k

also limits the flow of information around the agents. Due to this lack of information,
the adaptive repulsion component of the proposed strategy forces the individual robots
to explore the environment in search of a target, increasing the system’s level of explo-
ration. In addition, the introduction of agent-based memory also served to increase the
system’s level of exploitation. However, it was also shown that increasing the length
of an agent’s memory past a certain level had a smaller impact on the system’s EED
compared to when the system’s k was varied. In addition, excessive memory lengths
also resulted in poorer tracking performances due to the swarm exploiting outdated
information.

The key to maximising a system’s tracking performance is to find the correct EED bal-
ance. To optimise its performance, the MRS must carry out adequate levels of exploita-
tion, allowing the system to follow the target, and exploration, allowing the system
to reacquire the target’s position after being outrun. As mentioned previously, this is
primarily achieved by changing k, although it can also be done to a limited extent by
changing an agent’s memory length. The position of this balance is heavily dependent
on the task assigned to the system. More difficult tasks, such as those involving track-
ing evasive targets, as well as those involving the simultaneous tracking of multiple
targets required, required higher levels of exploration. This is because such targets tend
to outrun the system more often, thereby requiring the MRS to carry out more explo-
ration to reacquire the targets’ locations. Hence, maximum performance for these tasks
require the system to use lower levels of k. In contrast, less challenging tasks involving
relatively slower, single, and non-evasive targets allow agents to follow the targets for
longer. In such cases, the system should be setup to favour the conduct of exploitative
activities and using low k values would promote excessive levels of exploration. These
results go against the commonly held belief that increasing a system’s level of connec-
tivity leads to improved levels of performances. The work in this thesis has shown
that to maximise a system’s performance, its k and an agent’s memory length needs to
be assigned to solicit the required amount of exploration and exploitation for a given
task.

Besides the target parameters, the swarm density also has a large role to play in the
system’s EED. In varying the swarm density, three distinct phases were demonstrated:
(1) a low density phase where the system is simply unable to carry out the tracking
task, (2) a transition phase where the performance of the system rises very quickly
with increasing swarm density, and (3) a high density phase where the system is able
to continuously track the target without any interruptions. The most important of these
three phases is the transition phase where it is clear that increasing the system density
also increases the MRS’s propensity to carry out exploitation. This is because within
this phase, reducing inter-agent separation makes it easy for units to cluster together,



Chapter 6. Conclusions and Future Outlook 104

thereby facilitating exploitation. The inverse is also true; increasing inter-agent sepa-
ration discourages clustering, thereby facilitating exploration. In the results presented,
it is evident that at low densities, systems tend to be exploitation-limited while sys-
tems operating at high densities tend to be exploration-limited. The same results also
demonstrated that the optimum exploration and exploitation balance appears to re-
main the same while carrying out similar tasks regardless of the density. This suggests
that the strategy used by an MRS must be set up in a manner that takes into account
the level of exploration and exploitation encouraged by the swarm density in addition
to the requirements imposed by the set task.

In addition to the swarm density, one must also account for the size of the MRS that de-
termines its capacity to carry out exploratory and exploitative actions. When varying
the size of a system at a constant density, it was shown that exploitation is a localised
activity, which dependant on the total number of agents carrying out the activity. This
is in contrast to exploration, which is a system-wide activity dependant on the propor-
tion of agents exploring the environment. Therefore, a large system with more agents
has the capacity to carry out high amounts of exploration and maintain a high level
of exploitation. This is opposed to smaller systems that see larger decreases in their
level of exploratory behaviour when committing agents to the conduct of exploitation.
Thus, it can be said that when increasing k, small systems tend to become exploration
limited much quicker and have lower maximum levels of performance than their larger
counterparts even when operating at the same swarm density.

Finally, the use of heterogeneous systems, which include faster moving agents, together
with the newly introduced strategy was also studied. In doing so, it was shown that
unlike several other works, implementing the search and track strategy in a hetero-
geneous swarm is able to yield improved tracking performances without the need for
modifications. This occurs because the faster moving units are able to engage with
the target, thereby better exploiting the target’s positional information, and track it for
longer periods of time before being outrun. The higher mobility and ability to engage
with the target of the fast agents increases the system’s propensity to carry out ex-
ploitative activity shifts the optimal EED for the heterogeneous system more in favour
of exploitation. However, to obtain this optimal EED balance, the increased exploita-
tion tendencies of the heterogeneous swarm needs to be tempered by reducing the level
of communications between agents, leading to a lower k

⇤.

6.2 Discussion and Outlook

The work done in this thesis focused mainly on using a decentralised strategy to per-
form target tracking task. By using this strategy, a practitioner can vary the exploratory
and exploitative behaviours of the system by manually selecting a degree, k, of the
topological k-nearest neighbour network, or by varying the length of the agent-based
memory. This thesis also looked at the effect of swarm density on the system’s EED
balance. While important, this is only a small contribution to the MRS community and
there are many other areas that need to be studied to allow for the more widespread
adoption of swarming MRS.
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Firstly, more studies need to be carried out on communications in swarm robotic sys-
tems. Throughout this thesis, a topological k-nearest neighbour network was used.
This choice was explicitly made as the response of a swarm is influenced by the num-
ber of communication neighbours an agent has, rather than the number of neighbours
within a given radius (Mateo, Kuan, and Bouffanais, 2017; Horsevad et al., 2022). Using
this type of network permitted the study of the effects on the system’s performance and
EED when each agent added one more neighbour. While doing so has revealed an op-
timal level of connectivity for a given task, care must be taken when implementing this
type of network within a physical swarm. The simulations were run on the assumption
of perfect communications; agents were able to communicate with each other without
information loss or dropped connections, regardless of the distance between the two.
This assumption may not always be true, especially when a mission takes place in a
large environment or when there are large amounts of noise affecting radio communi-
cations. In such cases, the communication ranges of the individual robot units and the
quality of inter-robot radio transmissions must be considered. Should the number of
neighbours within communications range fall under the optimal level of connectivity
or information be lost during information transmission, measures need to be developed
that increase the amount of exploitation carried out by the swarm.

Along the same vein, in this work, the used MRS are initialised with a k value that is
maintained throughout the simulation or experiment; i.e., while the agents are able to
change which neighbours they communicated with, the number of neighbours is al-
ways kept constant. While this may work well in scenarios where the system designer
has a priori knowledge of the environment, e.g., the size of the environment, as well as
the speed and movement policy of the target(s) are known before hand, the system will
not perform at its optimum should it operate in a dynamic environment. This includes
situations where the size of the area of operations grows and shrinks over time (Valle-
gra et al., 2018), as well as when the objects or number of objects to be tracked changes
over the course of the mission (Esterle, 2018a; Esterle and King, 2022). To improve the
performance of an MRS in a scenario with evolving task parameters, an agent could be
allowed to modulate its individual value of k. This can be done by considering local
factors, such as the amount of time that has elapsed since an agent has tried engag-
ing with a target, as well as the state of an agent’s neighbours. Giving each agent the
ability to modulate its own k gives the MRS a higher degree of decentralisation and
adaptivity, hence making it more flexible in the face of changing mission parameters as
the individual units are more readily able to adapt to its local conditions.

Alternatively, different information dissemination methods, such as the use of simple
or complex contagion (Horsevad, 2021), can be explored. However, should any form of
contagion be used, new methods need to be developed that allow an agent to determine
when and how to engage with a target; an agent cannot simply attempt to track a target
once it has information of the target’s location, as is done in the currently proposed
strategy. This is because the use of contagion causes information to spread very quickly
across the system, especially in cases where the size of the system is comprised of less
than 100 units (Balister et al., 2005; Komareji and Bouffanais, 2013). As a result of this
rapid spread of information, more ‘intelligent’ movement patterns and information
processing algorithms may need to be developed that prevents excessive exploitative
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behavior.

Another assumption made was the absence of obstacles blocking the path of agents;
both simulations and physical experiments were carried out within an environment de-
void of obstacles. In a more realistic scenario, the presence of obstacles will result in the
hindrance of the tracking process. While work has been done studying the use of tar-
get tracking algorithms in environments with sparsely distributed obstacles (Dadgar,
Jafari, and Hamzeh, 2016), these works only consider targets that move slower than
the pursing agents. As such, more work needs to be performed studying the tracking
of fast-moving targets in the presence of obstacles before their implementation into an
operational system. Along the same vein, different types of environments should also
be studied, such as the operation of the swarm in obstacle-dense environments (Li et
al., 2020) or in the presence of mobile obstacles (Sun et al., 2022).

While one of the key characteristics of swarm robotics is the robustness of the system,
the work done in this thesis did not study the cases where there individual robot units
suddenly fail or when a robot’s sensors are affected by the presence of noise. At best,
these factors would reduce the system’s overall level of exploitation when a target is
encountered, and at worst, the system may end up aggregating in the wrong location
due to incorrect information stemming from one or a group of robots, thereby dete-
riorating the MRS’s performance. Investigating the behaviour and performance of an
MRS using imperfect sensors and in the face of individual unit failures will allow for
more resilient strategies to be developed, making the use of such systems more feasible
in real world conditions.

When dealing with heterogeneous systems, the work done in this thesis only consid-
ered the case where more mobile agents with higher maximum speeds were substituted
into the swarm. However, system heterogeneity does not only stem from an agent’s
movement abilities. The aquatic surface drone system developed by Christensen et al.
(2015) utilises two sets of drones with different communication ranges. The subCUL-
Tron swarm designed by Thenius et al. (2016) is comprised of agents with different
complementing functionality. Further study into heterogeneity could lead to the devel-
opment of heterogeneous behaviour, allowing a practitioner to take advantage of the
differences between two of more agent types.

Over the course of this thesis, the importance of attaining the correct exploration-
exploitation balance to optimise a system’s performance has been emphasised. How-
ever, as evidenced by the various results presented, this optimum balance changes ac-
cording to the assigned task’s parameters. Even if the optimum balance stays constant,
variations in an MRS’s environment can push the system to over-exploit information
or over-explore the environment. At this point, it is worth remembering that one of the
key tenets of swarm robotics is a system’s flexibility. As defined by Dorigo, Theraulaz,
and Trianni (2021), this is “the capacity to solve problems/perform tasks that depart
from those chosen at design time.” The absence of an absolute metric to measure a
system’s flexibility has necessitated the use of indirect flexibility measurements that
have to be considered across a vast range of operating conditions. Indeed, for a given
swarm strategy—i.e., a given set of local update rules—the effectiveness of the collec-
tive response of the system when the task/environment demands change is a proxy
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for flexibility. In the work done in this thesis, a system’s flexibility was tested in multi-
ple ways, such as by changing the targets’ speed and movement profile, as well as the
number of targets to be tracked.
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FIGURE 6.1: Comparison the search and track strategy presented in Chapter 4 and a rudimen-
tary memory-less strategy that uses a constant inter-agent repulsion behaviour. Both sets of
simulations were carried out at a level of connectivity, k = 10. The performance curve for the
rudimentary strategy is shifted towards a higher density range compared to the baseline swarm
strategy.

The strategies presented in this thesis afforded MRS a certain level of flexibility; the
systems were still able to perform target tracking to a certain degree when the task con-
ditions (e.g., density, target speed, etc.) were changed. However, the only way to max-
imise a system’s collective tracking performance across a wide range of situations is to
allow it to autonomously modify its exploration-exploitation balance by tapping into
adaptivity. As defined by Dorigo, Theraulaz, and Trianni (2021), this is the MRS’s “abil-
ity to learn/change behaviour to respond to new operating conditions.” The power of
a system’s adaptivity is clearly illustrated in Fig. 6.1, where the proposed search-and-
track swarm strategy with k = 10 (Chapter 4) is shown alongside a strategy, which is
identical in all ways except that it is memory-less and has a fixed repulsion strength,
i.e., a strategy that facilitates a lower degree of system adaptivity. As expected, both
strategies are equally ineffective at low density. As the swarm density increases, the
red tracking performance starts outstripping the blue one, then rapidly increases and
peaks at one for a density almost ten times lower than the blue curve. The swarm strat-
egy in red therefore exhibits much higher levels of flexibility than the blue one. For
any density within the transition phase, the introduction of the inter-agent adaptive
repulsion and memory taps into adaptivity that yields a more swarm-intelligent collec-
tive tracking of the target. Hence, in this context it appears that adaptivity promotes
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flexibility.

In recent years, the field of multi-agent reinforcement learning (MARL) has become in-
creasingly popular, including their application within the context of swarm robotics (Hüt-
tenrauch, Šošić, and Neumann, 2018; Hüttenrauch, Oic, and Neumann, 2019; Kouze-
hgar, Meghjani, and Bouffanais, 2020). Buoyed by successes of MARL evolving task-
specific robot controllers (Gomes, Urbano, and Christensen, 2013; Duarte et al., 2016),
practitioners are starting to look towards automatic methods in the design of robot
swarms (Francesca and Birattari, 2016; Bozhinoski and Birattari, 2021). Currently, such
methods have cast their scenarios and missions into optimisation problems. While
this may yield very good performances when all relevant task parameters are known
in advance, the work presented in this thesis serves as a cautionary tale; system per-
formances may experience significant degradation if there are sudden changes to the
operating environment or mission parameters due to the variations in the level of ex-
ploration and exploitation demanded. Instead of designing swarms to accomplish very
specific tasks in equally specific environments, research on MARL in swarms should
instead be directed towards optimising systems for adaptivity over a wide range of
conditions. The work done in this thesis has identified some of the parameters that can
be optimised to make swarms more adaptive, namely, a swarm’s degree of connectivity
and the length of an agent’s memory. Allowing MRS to vary such parameters will al-
low them to change their behaviours and learn new ones according to the time-specific
demands of the task at hand, thereby opening up promising new opportunities and
avenues of research for the community working on the design of effective collective
swarm dynamics.
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Appendix A

Local Density

This section shows the reasoning why Equation 5.3 was used in the calculation of the
system’s local swarm density. This is restated here for completeness:

⇢L =
1

NT

TX

t=1

NX

i=1

7

⇡L2
i

(A.1)

Due to the implemented inter-agent repulsion behavior, agents will tend to fall into
a hexagonal packing pattern as seen in Fig. A.1a. As such, an individual agent will
usually be surrounded by six other neighboring agents unless they are located at the
edges of the system. By defining an Li as the average distance between an agent i and
its 6 nearest neighbors, it can be assumed that all 6 neighboring agents are located a
distance of Li away for the purposes of calculation of an individual agent’s local agent
density.

While a different number of agents can be used for this calculation, the same trends
in the local agent density when varying the global average swarm density, as seen in
Fig. A.1b. However, if less agents are used in this calculation, the initial divergence
between the local agent density and the global average swarm density is accentuated.
As such, an agent that finds itself in close proximity to another agent while moving
around the domain will return an artificially high local density. Conversely, if too many
agents are used, the presence of such coincidental agent ‘clusters’ is not reflected. As
such, an intermediate number, six in this case, was chosen to be used for the local
density calculations.
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FIGURE A.1: (A) Positioning of agents (black dots) in relation to each other and the repul-
sion fields generated by the individual agents while in their equilibrium positions. Areas in
yellow represent areas of high repulsion potential while those in blue represent areas of low
repulsion potential. Given these repulsion potential fields, agents tend to fall into a hexagonal
packing pattern around each other. (B) Local agent density calculated with different number of
neighboring agents for a swarm comprised of 50 agents, connected using a k = 20 communi-
cations network. The system is tracking a non-evasive target traveling at a maximum speed of
vo,max = 0.15. The local agent density is compared against the global average swarm density
(dashed line).
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Appendix B

Factors Affecting the Transition
Phase

As seen in Chapter 5, changing a swarm’s level of connectivity changes the range densi-
ties over which the transition phase occurs, characterised by a sharp rise in the system’s
tracking performance. The work presented in this appendix explores how changing the
tracking task and system parameters affects the range of transition densities.

From Fig. B.1a, it is evident that both the start and end of the transition phase occur at
a lower swarm density when tracking a non-evasive target compared to when tracking
an evasive target. This is to be expected as tracking a non-evasive target is inherently
an easier task than tracking an evasive target as the target is not actively attempting
to avoid its pursuing agents. As such, when the target is found, the swarming agents
are able to follow it for longer, allowing agents to continue broadcasting the target’s
positional information for longer. With target information being more available to the
system, agents are able to stay engaged with the target for longer and carry out effec-
tive exploitation of the target’s positional information, thereby lowering the transition
density.

Interestingly, when comparing the level of exploration and exploitation carried out in
the two cases, both evasive and non-evasive tracking MRS demonstrate a similar level
of EED balance when operating in the low and transition density phases, with the ex-
ploitation ratio curves only diverging after reaching the high density phase. This sug-
gests that in the two cases, the system carries out the same level of exploration and
exploitation. However, the evasiveness of the target plays a key role in determining
the effectiveness of the system’s exploitative activity.

When varying the maximum speed of the target, Fig. B.1c illustrates that lowering the
target’s maximum speed has the effect of also lowering the density at which the transi-
tion phase starts. Like the comparisons between evasive and non-evasive target track-
ing, tracking a slower target is an easier task. As such, an individual agent is able to
follow the target for longer, thereby allowing it to transmit target information to its
neighbors for longer. This in turn allows the system to increase its engagement ratio,
⇥, at lower swarm densities, resulting in a lower transition density.

When tracking multiple targets, as seen in Fig. B.1e, the transition phase starts at a
lower density compared to the single target tracking case. This is especially true in sys-
tems that use a high level of inter-agent connectivity for reasons explored in Chapter 5.
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FIGURE B.1: The tracking performance and engagement ratio of swarm of 50 agents tracking
different types of targets. (A) and (B): Tracking a single evasive and non-evasive target with
vo,max = 0.15 and level of connectivity set at k = 15. (C) and (D): Tracking targets with varying
vo,max that follow a non-evasive movement policy. with the level of connectivity set at k = 15.
(E) and (F): Single target tracking (solid line), triple target tracking (dotted line) with various
levels of connectivity. The target travels at a maximum speed of vo,max = 0.15 following a
non-evasive movement policy.
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The presence of multiple targets means that an agent is more likely to encounter one
of the targets as it explores the search space. As such, the combined presence of the
three targets will provoke a much higher level of exploitative activity as compared to a
single target, as seen Fig. B.1f. This results in the swarm being able to track at least one
of the three targets at lower densities and an increased tracking performance.

This happens as the strategy employed by the agents does not differentiate between
targets; an agent will make its movements based on the most up-to-date information
it receives. Therefore, a system with a high level of connectivity will tend to have a
large proportion of agents exploiting the same piece of information, thereby forming a
large cluster around a single target. This means that system will be able to track one
target very effectively, thereby contributing to the higher system performance at low
swarm density. However, this advantage turns in favour of systems with low levels
of connectivity at high swarm densities. In contrast to systems operating at high k,
systems that operate at low k are able to form multiple clusters that exploit the multiple
information sources and surround the different targets. This allows multiple targets to
be tracked simultaneously, meaning that the performance of systems with low k is
better at high swarm densities.
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Appendix C

Result Variability

As mentioned in the main text, to obtain the data points to generate the result plots,
each simulation run was carried out over the course of 100,000 iterations. This led to
a very low level of variability in the obtained results of < 1% when different random
seeds were used. Due to this low level of variability obtained from the simulation
results, the uncertainty ranges were not included in the figures shown in the main text.
A sample of figures with the uncertainty range have been included in this section of
the appendix. In the figures that follow, the range of uncertainty is illustrated by the
shaded area above and below the main line.
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FIGURE C.1: Companion figure to Fig. 3.5 with uncertainty ranges included.
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FIGURE C.5: Companion figure to Fig. 4.3 with uncertainty ranges included.
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