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ABSTRACT

DATA-DRIVEN PREDICTIVE MODELING TO ENHANCE SEARCH
EFFICIENCY OF GLOWORM-INSPIRED ROBOTIC SWARMS IN MULTIPLE
EMISSION SOURCE LOCALIZATION TASKS
Payal Nandi

Old Dominion University, 2023
Director: Dr. Krishnanand N. Kaipa

In time-sensitive search and rescue applications, a team of multiple mobile robots broadens
the scope of operational capabilities. Scaling multi-robot systems (< 10 agents) to larger
robot teams (10 — 100 agents) using centralized coordination schemes becomes
computationally intractable during runtime. One solution to this problem is inspired by
swarm intelligence principles found in nature, offering the benefits of decentralized control,
fault tolerance to individual failures, and self-organizing adaptability. Glowworm swarm
optimization (GSO) is unique among swarm-based algorithms as it simultaneously focuses
on searching for multiple targets. This thesis presents GPR-GSO—a modification to the
GSO algorithm that incorporates Gaussian Process Regression (GPR) based data-driven
predictive modeling—to improve the search efficiency of robotic swarms in multiple
emission source localization tasks. The problem formulation and methods are presented,
followed by numerical simulations to illustrate the working of the algorithm. Results from
a comparative analysis show that the GPR-GSO algorithm exceeds the performance of the
benchmark GSO algorithm on evaluation metrics of swarm size, search completion time,

and travel distance.
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CHAPTERI
INTRODUCTION

1.1 Background and Motivation

Autonomous mobile robots are increasingly being deployed in search and rescue missions,
especially those involving significant risk to humans, in recent years [1]. Examples of such
critical tasks include humanitarian demining [2], handling nuclear waste [1], and localizing
sources of emissions such as chemical, gas, and nuclear leaks [2]. Such time-sensitive
applications can benefit from a team of multiple mobile robots to broaden the scope of
operational capabilities. The search task considered in this thesis consists of localizing a
group of multiple emission sources randomly distributed in a physical two-dimensional
space. Missions demanding simultaneous searches over landscapes covering vast areas
require scaling the size of multi-robot systems (< 10 agents) to larger robot teams (10 — 100
agents). Centralized control and coordination schemes do not scale well to such large teams
as they become computationally intractable during the runtime of the search mission. One
solution to address this problem is inspired by swarm intelligence [14] principles found in
nature, offering the benefits of decentralized control, fault tolerance to individual failures,
and self-organizing adaptability [8-9]. Glowworm swarm optimization (GSO) is unique
among swarm-based algorithms as it simultaneously focuses on searching for multiple
targets [4-7]. However, GSO is a model-free algorithm in that the decision-making of the
members in the swarm does not rely on the underlying model of the landscape of the
emission sources. Instead, movement-decisions of each member are strictly based on the
measurement of the emission at its location and measurements communicated by other

members in a local neighborhood.



1.2 Thesis Contributions

One of the primary contributions of this thesis is based on the premise that the search
efficiency of a robotic swarm can be enhanced by real-time modeling of the emission
landscape based on the information gathered (measurements made) by the swarm members
as they move along the search process. Consequently, this thesis presents GPR-GSO—a
modification to the GSO algorithm that incorporates Gaussian Process Regression (GPR)
based data-driven predictive modeling—to improve the search efficiency of robotic swarms
in multiple emission source localization tasks. The problem formulation and methods are
presented, followed by numerical simulations to illustrate the working of the algorithm.
Results from a comparative analysis show that the GPR-GSO algorithm exceeds the
performance of the benchmark GSO algorithm on evaluation metrics of swarm size, search
completion time, and travel distance.

1.3 Related Work: Robotic Algorithms for Multiple Emission Source Localization
Related to the topic of robotic algorithms for multiple emission source localization,
researchers have tackled a broader problem in the field of multimodal optimization, where
the goal is to locate all local optima of a function without knowing its gradient [2]. This
complexity becomes even more pronounced in the context of robotic multisource
localization, where practical limitations such as communication constraints, sensing
capabilities, data storage, and robot platform design significantly impact the computational
complexity of potential strategies. Moreover, the nature of the emission sources plays a
critical role in determining the search performance, as different emissions, such as
chemicals, light, sound, RF waves, and radioactivity, exhibit distinct emission profiles

affected by the environment [2]. Research in this area has led to the development of general



solutions to the multisource problem, considering various approaches. One group of
algorithms draws inspiration from classical hill climbing or gradient ascent techniques [2],
while another is inspired by the behavior of biological systems like bacterial colonies or
swarms [27]. A third family employs probabilistic methods, including Bayesian occupancy
grids and Bayesian filtering techniques [28,29]. These general solutions aim to address the
challenge of allocating network resources to simultaneously find an unknown number of
emission sources in a given environment, distinguishing this task from traditional target
observation scenarios where known targets are tracked.

It is worth noting that the strategies employed for coverage exploration and
environmental monitoring with mobile robotics systems are related to multisource
localization but do not offer a complete solution, as they often deal with sensing regions and
limited spatial information. The survey presented by McGill and Taylor [2] discusses
relevant works [30-40] that contribute to this evolving field, exploring methods that enable
real-time modeling of the emission landscape based on information gathered by the swarm
members during the search process. The survey’s findings and insights from other related
research collectively advance our understanding of decentralized control and coordination
principles inspired by swarm intelligence, offering benefits such as fault tolerance,
adaptability, and improved performance in challenging and time-sensitive applications like
search and rescue missions involving multiple emission sources.

The techniques developed in this thesis were primarily motivated by the success of
the Bayes Swarm algorithm in decentralized path planning for autonomous vehicles [8] [9].
In this research, authors investigated the potential of the Gaussian process model (GPM) to
enhance the performance of the Glowworm Swarm Optimization (GSO) algorithm for path

planning in underwater environments. The authors investigated Bayes Swarm [8] [9]



algorithm to understand its strengths and showed that it outperforms traditional algorithms
such as random walk. The Bayes Swarm is a decentralized algorithm that extends Gaussian
process modeling and integrates physical robot constraints and other robots' decisions to
perform informative path planning while mitigating knowledge uncertainty. Additionally,
the authors simulated a parallelized implementation of Bayes Swarm to allow asynchronous
search planning over complex multi-modal signal distributions. Their experimental results
showed that Bayes Swarm outperforms GSO, prompting us to incorporate GPM for
predictive modeling in GSO and analyze its performance.

In the realm of swarm robotic systems (SRSs) [1], search and tracking algorithms
play a pivotal role in efficiently locating and monitoring targets. As discussed in the survey
article [1], two main categories of algorithms have been explored: those inspired by swarm
intelligence (S1) and those based on other methods. The Sl algorithms exhibit a natural fit
for SRSs due to their emphasis on decentralized local control, local communication, and the
emergence of global behavior through self-organization. Consequently, many existing
search and tracking algorithms for SRSs have been derived from prominent Sl algorithms.
One such algorithm that finds application in both SI and swarm robotic systems is the
Particle Swarm Optimization (PSO) [15], [16], [17]. Initially developed to simulate flocking
behavior in birds, PSO models potential solutions as particles that move through a search
space towards positions where optimal results are achieved. In the context of swarm robotics
[12], [13], each robot is mapped to a particle, and distributed methods are employed to
approximate global solutions due to real-time constraints and NP-completeness of
optimization problems. PSO has been successfully adapted for multi-modal problems by
utilizing multiple swarms, such as the Species-based PSO (SPSO) [18] and Niching PSO

(NichePSO) [19], which locate multiple optimal solutions for multi-modal optimization



problems. One notable search algorithm for multi-target localization is the Multi-Robot
Particle Swarm Optimization (MR PSO) proposed in [23]. The algorithm is designed to find
a known number of stationary targets within an indoor environment. Each target is equipped
with a mobile phone emitting RF signal, and robots are equipped with sensors to detect these
signals. At the beginning of the search, each robot is assigned to a specific target, forming
subswarms that stay in their local neighborhood throughout the search. These subswarms
exchange the best detection positions with each other. The algorithm also uses an adaptive
Received Signal Strength (RSS) weighting factor in the velocity calculations to slow down
the robot as it approaches the target, reducing overshooting.

Another notable algorithm, the Bees Algorithm (BA) [24], models the foraging
behavior of a bee colony to locate the richest and closest food sources. Gaussian Process
Regression versions of the BA, such as the Distributed Bees Algorithm (DBA) [25, 26],
have been designed for multi-target search and coverage in unknown areas. In the DBA,
robots in the swarm distribute themselves based on target fitness, where higher quality
targets attract more robots. The DBA overcomes the centralization and lack of collective
component issues in the original BA by employing a distributed approach, allowing robots
to communicate and calculate their utilities with respect to different targets. The survey
article provides valuable insights into various search and tracking algorithms for swarm
robotic systems, addressing different challenges such as multi-modal optimization and
target search in unknown environments. By drawing connections between Sl algorithms and
swarm robotic systems, researchers have been able to adapt and apply these algorithms
effectively to address complex search and localization tasks. The exploration of such
algorithms offers promising avenues for enhancing the search efficiency of robotic swarms

in multiple emission source localization tasks as discussed in [22] and other relevant works



referenced in the survey.

Another algorithm, the Clustering PSO (CPSO), is presented in [20]. It is aimed at
addressing dynamic optimization problems were locating and tracking multiple changing
optima over time is essential. CPSO starts from an initial swarm, the "cradle swarm," and
uses a hierarchical clustering method to create subswarms. Each subswarm is assigned to
different promising subregions, and the number of subswarms is adaptively adjusted based
on the number of targets and automatically calculated for each subswarm. Though CPSO
has not been implemented on a robotic system, it shows promise to be adapted into an SR
algorithm.

Bacterial Foraging Optimization (BFO) was proposed as a multimodal function
optimization algorithm inspired by the chemotactic behavior of bacteria such as E. coli in
environments with nutrients [21]. BFO has been applied to chemical concentration map
building, where a multi-robot system (MRS) searches an unknown area to find the region
with the highest chemical gas concentration and build the concentration map. The algorithm
has proven effective for multiple target tracking and has been tested on moving peaks
benchmark problem [1].

Overall, these algorithms show promise for swarm robotic systems' search and
tracking tasks, with each having its strengths and weaknesses. Further research on this topic
will continue to improve their effectiveness and efficiency in real-world applications.
Informed by a thorough survey of the literature in swarm robotic algorithms for search tasks,
we investigated the proposed modification to the Glowworm swarm optimization (GSO)
algorithm, called GPR-GSQO, that incorporates Gaussian Process Regression (GPR) based
data-driven predictive modeling, and its potential to improve the search efficiency of robotic

swarms in multiple emission source localization tasks.



CHAPTER II
PROBLEM FORMULATION
2.1 Cooperative Search Task: Multiple Emission Source Localization by a Robotic
Swarm

The search task considered in this thesis consists of using a swarm of mobile robots to carry
out a coordinated search and localize a group of multiple emission sources randomly
distributed in a physical two-dimensional space. The different aspects—emission sources,
robot movement models, and search/coordination strategies—of the problem can be

formalized as follows.

2.1.1 Emission Sources

Examples of emission sources in potential applications include light, sound,
chemical/nuclear leaks, origins of fires, etc. [2]. In particular, the emission sources
considered in this thesis have the following properties:

1. Each source is assumed to emit (radiate, release, discharge, etc.) a signal (light,
odor, chemical, etc.) and generate an emission landscape such that the intensity of
the signal is maximum at the source and decays monotonically with distance from
the source.

2. The number of emission sources spread in the environment are unknown.

3. The sources are randomly distributed in the search space. Therefore, the inter-
source distances are assumed to be unknown.

4. It is assumed that there are no external disturbances (wind, obstacles, etc.),
distorting the profile of the emission landscape. Therefore, the emission source

landscapes considered in this thesis can be mathematically modeled by continuous



multimodal functions. One example is the Peaks function [63] MATLAB also

provides a predefined function for the same:

Emission source

Equi-contours of
emission profile

Two-dimensional
landscape

Figure 1. Properties of emission sources

2.1.2 Robotic Swarm Model

The robotic swarm is assumed to consist of a collection of N mobile robots that move in

two-dimensional (2D) space. The kinematics and dynamics associated with real mobile
robots deployed in a practical scenario are ignored, since the thesis is primarily focused on
investigating the role of robots’ decision-making mechanism in enhancing the search
efficiency of the swarm. Accordingly, a simple point robot model is used to model the
movements of robots in the swarm. In particular, the following assumptions are considered
in the point-robot model:

e Each robot is free to move in any direction in a two-dimensional space R?



e Arobot’s movements are discrete in nature. That is, each robot moves a fixed
distance s at each step or iteration of the search process.
2.1.3 Search and Coordination Strategies
After a thorough literature survey of swarm robotic algorithms that have been developed for
multiple emission source localization tasks, the glowworm swarm optimization (GSO) is
chosen as the baseline algorithm to generate the search and coordination strategies of robots
in the swarm. The choice of GSO is primarily motivated by its ability to address the problem
of source multiplicity directly via adaptive splitting of swarm into subswarms.
2.1.4 Data-driven Modeling to Enhance Search Efficiency of the Robotic
Swarm

Note that GSO is a model-free algorithm in that the decision-making of the members in the
swarm does not rely on the underlying model of the landscape of the emission sources.
Instead, movement-decisions of each member are strictly based on measurement of the
emission at its location and measurements communicated by other members in a local
neighborhood. Consequently, one of the primary contributions of this thesis is based on the
premise that the search efficiency of the robotic swarm can be enhanced by real-time
modeling of the emission landscape based on the information gathered (measurements
made) by the swarm members as they move along the search process.
2.2 Specific Aims
The goal of this thesis is to use data-driven modeling to enhance the search efficiency of
swarm robotic algorithm used for localization of multiple emission sources.

= Specific Aim #1. Devise a modification to the glowworm swarm optimization

algorithm architecture to incorporate a real-time data-driven modeling of the
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emission landscape and leverage such estimated information to guide the
movement-decisions of the swarm members during their search for multiple
emission sources.

Specific Aim #2. Investigate the efficacy of the Gaussian Process Regression
glowworm swarm optimization (GPR-GSO) algorithm by performing a
comparative analysis with GSO as the baseline algorithm using metrics of swarm

size, search completion time, and travel distance of robots.
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CHAPTER Il1
METHODS

As described in Chapter 11, the primary thesis objective is to investigate the search efficiency
of the GSO algorithm modified by incorporating data-driven modeling to guide the
movement decisions of a swarm of robots deployed to localize a set of multiple emission
sources. The proposed approach of modeling the emission source landscape in real time as
the swarm members move along the search process is implemented using the Gaussian
Process Modeling (GPM) technique. As the GSO algorithm serves as the baseline swarm
search and coordination technique, a summary of the algorithm follows next.

3.1. GSO Algorithm

In GSO, a swarm of Glowworms are initially randomly distributed in the search space.
Glowworms are modeled after glowworms. Accordingly, they carry a luminescent quantity
called luciferin along with them. The glowworms emit a light whose intensity is proportional
to the associated luciferin and interact with other Glowworms within a variable
neighborhood. In particular, the neighborhood is defined as a local-decision domain that has
a variable neighborhood range bounded by a radial sensor range 75(0 < ré <7r) A
glowworm i considers another glowworm j as its neighbor if j is within the neighborhood
range of i and the luciferin level of j is higher than that of i. The decision domain enables
selective neighbor interactions and aids in formation of disjoint sub-swarms. Each
glowworm is attracted by the brighter glow of other glowworms in the neighborhood.
Glowworms in GSO depend only on information available in their neighborhood to make

decisions.
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3.2. GPR- GSO Algorithm

The core idea behind the GPR-GSO algorithm is that members of the swarm can leverage
the information (e.g., emission intensity measurements) they gather at visited sites to guide
their movements in a manner that helps them localize the emission sources faster than is
possible with a model-free approach, where members use their individual measurement and
purely local information obtained from neighbors to decide their movements. In particular,
the information gathered by the swarm members can be data-mined to generate a surrogate
of the underlying multimodal function profile of emission landscape, which holds
knowledge of approximate number of emission sources and their locations in the two-
dimensional environment. Such information can assist swarm members in refining their
search by biasing their movements with estimated directions to nearby emission source
locations. The emission source direction estimates can be noisy during the initial phase of
the search process. However, the accuracy of the modeled emission landscape improves
with increase in the data accumulated by the swarm members as they travel from one site to
another, resulting in increasingly better guidance of the member movements toward the
emission sources. The proposed approach of modeling the emission source landscape during
runtime as the swarm members move along the search process is implemented using
Gaussian Process Models (GPMs) that are trained on data comprising input/output pairs of
swarm member locations and their emission source measurements at their locations. This
training data serves as the set of discrete observations of the prior unknown continuous cost

function, underlying the physical landscape of emission sources. The MATLAB Peaks
function z=3*x(1—x)2xexp(—(x2)—(y+1).2) —10 % (g —x3—y5 ) K

exp(—x.2—y.2)— G) * exp(—(x + 1).2—y.2) is considered as the cost function for the
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study in this thesis. The GPM provides a surrogate (estimate) of the cost function with a
certainty bound of 95%. This estimated cost function can be used to generate a continuous
mean function, which consists of all the estimated local and global peaks. The local and
global peaks can be extracted using a local max filter. The extracted peaks information is
exploited by each swarm member to locally compute a source-direction vector, which
represents a unit direction vector toward its nearest estimated emission source. At every
iteration of the GPR-GSO algorithm, each swarm member now moves in a direction that is
obtained as a weighted sum of the unit direction vectors provided by GSO (surrogate local
gradient vector) and GPM (source-direction vector) computations, respectively. Swarm
members guided by such modified directions are expected to enhance their search process
and converge to the nearby emission sources rapidly. A summary of the GPM technique is

described next.
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Agents
Deployment
Local Information Global Information
Continuous Local
GSO GPM - .
Function MaxFunction

I |

Local Gradient _ )
Desesil vesisn Assisted Vector Estimated Peaks

Weighted Resultant
Vector
(WRV)

| Waypoint |

Figure 2. Schematic of GPR-GSO algorithm

A Gaussian process (GP) is a probabilistic model that defines a distribution over functions,
where the goal is to make predictions or estimates based on observed data. The training
Gaussian process involves two main steps: specifying a prior and updating the model with

observed data to obtain a posterior distribution.

3.2.1 Gaussian Process Models (GPMs)
A Gaussian process (GP) is a probabilistic model that defines a distribution over functions,
where the goal is to make predictions or estimates based on observed data. The training of
a Gaussian process involves two steps:
1) Specifying a prior model distribution. A prior is defined by specifying a mean
function and a covariance function (also called as kernel function). In our method
we used a squared kernel function. The mean function represents the expected value

of the function at any given input point. It is typically set to zero or a constant value.
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The covariance function determines the similarity between function values at
different input points. It quantifies the correlation between observations based on
their input locations.

2) Updating the model with observed data to obtain a posterior distribution.
Given a set of observed input/output pairs {[x;(t), y;(t), z;(t)]: i =
1, 2, .., n}, where z;(t) is the emission intensity measurement made by
robot i at its location (xl-(t), yi(t)) at iteration t . The goal is to update the
prior distribution to obtain a posterior distribution that incorporates the
observed data. The posterior distribution is computed using Bayes' rule,
which involves multiplying the prior distribution by the likelihood of the
data. The likelihood is determined by assuming that the observed data points
are drawn independently from a Gaussian distribution with a mean predicted
by the GP and a noise parameter. The posterior distribution of a GP is also a
Gaussian distribution, and it can be fully characterized by its mean and

covariance functions. Once the GP is trained, it can be used for prediction or
estimation. Given a new input point, the GP provides a predictive distribution over
the corresponding output value, which is typically, a Gaussian distribution centered
around the predicted mean with a variance that represents the uncertainty of the

prediction.

3) Local Max Operator

The local max operator offers a numerical approximation method to identify a peak within

a specified local neighborhood of an objective space. It is applied to identify all the peak



16

estimates of the predicted cost function generated by the GPM. The method works by
considering a discrete 2D grid of the objective space and setting a grid point as a local peak
if the function value at that point is greater than equal to that of all its eight neighboring grid
points (two grid point neighbors along x axis, two grid point neighbors along the y axis, and
four grid points neighbors along the diagonals). Mathematically, let's consider a function
f(x). The local maximum occurs at a point x = ¢ if the following conditions are satisfied:

e f(c) = f(x)Vx € (c—6, c+6), where § is a small positive number.

o f'(c) = 0 orf’'(c)isundefined.

e f'(x) < O0forx < candf'(x) > 0forx
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Local Max function

f(c) > f(x) for all x in the interval (c - 8, ¢ + §),

where & is a small positive number

Cost Function Estimated Peaks

f'(c) = 0 or f(c) is undefined.

f(x) <0 forx <cand f(x) >0 forx >c

Figure 5. Local max function

3.3. Evaluation Metrics

A comparative analysis was performed using the original GSO as the benchmark algorithm.

The metrics used to evaluate the algorithmic performance are defined below:

Iterations for Convergence is defined as the number of iterations taken by an
Glowworm to travel from its initial location and converge at one of the emission
source locations.

Path Length-to-Euclidian Distance Ratio. Given the initial and final locations of
a glowworm, let the Euclidean distance d¢ represent the shortest distance between

them. Let path length d,, of a glowworm be defined as the distance traveled along

its path from its initial location to final location. Now, the path length-to-Euclidean
. L d .
distance ratio is given by p = d—”. Note that for comparison purpose. Glowworms
€

in both algorithm implementations of GSO and GPR-GSO, the initial locations of
all glowworms are kept same.

Source Localization Error. To analyze the accuracy of the predicted location of
each emission source, the estimated source locations were sorted based on the
respective local peak intensity values and matched with the nearest true peaks
(emission source locations). Peaks at the edges were eliminated as the emission

sources are assumed to be located interior of the search space. Now, the source



29

localization error of each estimated source location is computed as its Euclidean
distance from the location of the nearest true emission source.

Swarm Size is defined as the minimum number of glowworms needed to find all
the emission sources for a specified accuracy defined in terms of the source

localization error.
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CHAPTER IV
EXPERIMENTAL VALIDATION

In this chapter, | present results from a series of numerical simulations conducted to validate
the techniques developed in this thesis. In particular, experiments are performed in support
of accomplishing the specific aims formulated in Chapter 1l. First, experimental results are
presented to illustrate the algorithmic steps of GSO that serves as a benchmark technique to
carry out the task of multiple emission source localization. Second, experimental results are
presented to illustrate the algorithmic steps of GPR-GSO to perform the same localization
task. Third, results from a comparative analysis are presented in which the performance of
GPR-GSO is compared with that of GSO on various metrics (e.g., swarm size, number of
iterations for convergence, Euclidean distance-path length ratio, etc.) developed as a part of
methods in Chapter I1I.

4.1 GSO for Multiple Emission Source Localization Tasks

The experiments in this section illustrate the working of GSO by showing its algorithmic
steps in the context of a multiple emission source localization task. The MATLAB Peaks
function is chosen to represent the landscape of the multimodal emission source profile.
Note that the function profile consists of three emission sources (local peaks) at the locations
-0.0093,1.5814, 1.2857,0.0048, and -0.46, -0.6292, respectively. Hereafter, Glowworms in
GSO are referred to as glowworms. Figure 5 shows the paths traced by fifty glowworms as
they navigate from their initially deployed locations, search through the landscape, and
eventually converge to the emission sources. Next, the evolution of the path traced by one
of the glowworms (AQ7), as shown in Fig. 6, is described to illustrate the algorithmic steps

(e.g., formation of adaptive neighborhoods, movement directions of individual glowworms,
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etc.) of GSO. Figure 6 depicts the path taken by Glowworm AQ7 in the Glowworm Swarm
Optimization (GSO) algorithm. from its initial position to the goal. The figure illustrates the
movement and navigation capabilities of Glowworm AOQ7, highlighting its trajectory
towards the desired objective within the landscape.

Figure 7b showcases the deployment of Glowworm AQ7 in the GSO algorithm, with
a highlighted red circle representing its radial sensor range. Figure 7c showcases the
beginning of next iteration of Glowworm AQ07, with two red circles representing its
increased radial sensor range. Figure 7d showcases the vectors joining Glowworm AQ7 to

the neighbors.
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Figure 6. Glowworm Swarm Optimization (GSO)

We can observe that Glowworm AQ07 successfully reaches emission source 01 after
approximately 140 steps. Each iteration of GSO consists of three steps. Figure 7b shows
the first step of iteration-zero, comprising the initial deployment of Glowworm AQ7, its
initial radial neighborhood, and the location of emission sources in the landscape. In the
figure, the initial position of Glowworm AO07 is shown as a red-colored star and the source
locations are shown as red-colored circles, and the radial neighborhood is shown as a pink-
colored circle. Note that there is a glowworm (black dot) present in the neighborhood of

Glowworm AQ07.
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Figure 7. Path taken by Glowworm AQ7 in the GSO algorithm

However, it fails to meet the criteria of a neighbor based on luciferin value. Since, A07 is

neighbor-less at initial deployment, the remaining two steps of the first GSO iteration are

not executed. As a result, Glowworm AQ7 remains stationary. In a similar manner, all other

glowworms without any neighbors remain stationary. Figure 6c illustrates the first iteration

in which the neighborhood of Glowworm AOQ7 expands and two new neighbors (blue-

colored stars) are found as a result. Figure 6d shows Glowworm A07’s movement direction

toward its leader, which corresponds to one of its neighbors N0O2. The leader glowworm's

movement direction is indicated by the blue arrow, while Glowworm A07's movement
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toward NO2 is represented by a red arrow. Figure 7 shows Glowworm A07 taking a step to

its leader.
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Figure 8. Movement of Glowworm AQ7 as it takes a step toward its leader

In Figure 8, Glowworm AQ7 in the GSO exhibits a new sensor radius (8a)
showcasing its adaptive nature; the vectors joining Glowworm AQ7 to its neighbors are
shown in 8b, and 8c shows Glowworm AQ07 moving into position P2, following the
completion of Step 1 in this iteration.

As aresult, the neighborhood range (Rd_3) of Glowworm AQ7 increases, expanding
its perception of the surrounding landscape. This expanded neighborhood range enables

Glowworm AQ7 to identify a new neighbor (N03), which is depicted as a blue star. Figure
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9a marks the beginning of the second iteration. At this stage, Glowworm AQ7 increases its
radial sensor radius (Rd_3), extending its reach to a wider area of the landscape. The figure
highlights the adaptive nature of the GSO algorithm, as the sensor radius dynamically
adjusts based on the number of neighbors detected in the previous iteration. In this iteration,
Glowworm AQ7 detects a new neighbor (NO3) within the expanded range, as shown by the
blue star. In Figure 9b, the lines connecting Glowworm AQ7 to all its neighbors represent
the evaluation of potential movement directions. Glowworm AQ07 evaluates the luciferin
values of its neighbors to determine the most favorable direction for movement shown in
Figure 4.4b. Among the three neighbors, Glowworm AO07 selects the direction towards
neighbor NO2, which concludes the second iteration of Glowworm AQ07. Figure 9c presents
a comprehensive overview of the details discussed above, showcasing the completion of the
iteration and the movement of Glowworm AQ07 towards its intended source. This iteration
demonstrates the progress made by Glowworm AQ7 in reaching its optimal peak, as guided
by the GSO algorithm. By observing the movement of Glowworm AQ7 and its convergence
towards the intended source, we gain valuable insights into the effectiveness of the

algorithm in navigating the landscape and finding optimal solutions.
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Figure 9. Glowworm AQ7’s steps toward the lead neighbor

Figure 10 illustrates the beginning of the third iteration. At Step 1, Glowworm A07 remains
in position AO7P4, the location it reached in the previous iteration. Glowworm AQ7 now
focuses on increasing its neighborhood radius, allowing for a broader perception of the
landscape. The increment in the neighborhood radius is proportional to the number of
neighbors detected in the previous iteration, as explained in Chapter 3. This adaptive
adjustment ensures that Glowworm AQ7 can gather more comprehensive information about
its surroundings, potentially uncovering new neighbors that were previously beyond its

reach.
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Figure 10. Glowworm AQ7 in the GSO showcases movement toward the lead neighbors.
Positions of neighbors are depicted in the middle-zoomed section in blue. Positions of
Glowworm AQ7 are highlighted in red in the last section.
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In Figure 11 Glowworm AQ7 in the GSO showcases movement towards the lead neighbors.
Positions of neighbor towards NO4 are depicted in the middle-zoomed section in blue.
Positions of Glowworm AQ7 is highlighted in red in the last section. The zoomed-in section
of the figure provides a clear view of the position changes occurring at each iteration,
allowing for a detailed analysis of Glowworm AQ7's progress. We also, observe all the
possible new movement directions that Glowworm AQ7 can take. This figure showcases the
exploration and evaluation of different movement options based on neighboring
glowworms. The figure provides a comprehensive visual representation of the evaluation
process, highlighting the diverse options available to Glowworm AQ07 and emphasizing the
algorithm's ability to adapt and consider multiple paths towards optimal solutions. By
zooming in on the movement of Glowworm AOQ7 and its neighbors, the figure provides a
detailed view of the incremental steps taken by Glowworm AQ7 and the corresponding
adjustments made by other neighboring glowworms. This visualization allows us to track
the convergence process and observe the interplay between Glowworm AOQ7 and its
surroundings, indicating the algorithm’s progress in converging towards optimal peaks.

Moving on to Figure 12a Glowworm AQ7 initiates another iteration. At Step 1, while
remaining at position A07P4, Glowworm AQ7 once again increases its sensor radius to
expand its perception of the landscape. However, in this particular iteration, we observe
only a slight increase in the radius, which is proportional to the number of neighbors
detected in the previous iteration. This adaptive adjustment in the sensor radius ensures that
Glowworm AQ7 can strike a balance between the exploration of new areas and the
exploitation of already identified peaks. The figure provides an overview of Glowworm
AQ7's position and sensor range, setting the stage for further exploration and potential

discoveries in subsequent steps. The figure also illustrates all the possible movement
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directions available to Glowworm AO07 for Step 3, which involves selecting the movement
direction based on the highest luciferin value among the available neighbors. By evaluating
the luciferin values associated with each potential movement direction, Glowworm AQ7 can
make an informed decision about the most promising direction to pursue. Figure 12b
presents the fourth iteration, focusing on Step 3. Glowworm AQ7 continues moving towards
NO4, as observed in the previous iterations. The figure highlights the movement of
Glowworm AQ7 and its neighbors, allowing us to observe their incremental steps towards
convergence. For simplicity, only the motion of neighbors and the time when they were
identified as neighbors are tracked, while the other glowworms are represented as black dots
are shown at Position 5, which indicates the completion of Iteration 4. This visualization
provides insights into the algorithm's progress in narrowing down the search space and
converging towards optimal peaks, highlighting the coordinated movements of Glowworm
AOQ7 and its neighbors as they approach the desired solutions. By providing a detailed
analysis of each figure, we gain a comprehensive understanding of the GSO algorithm's

progression and convergence towards optimal solutions.
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Figure 12. a) Glowworm A07 in the GSO exhibits a new sensor radius, showcasing its

adaptive nature. A total of five circles increasing the radius, along with a line joining the
neighbors, b) movements toward the lead neighbor

4.2 GPR-GSO

Figure 13 provides a comprehensive view of the movement of all 50 glowworms over 100

iterations using the GPR-GSO algorithm. By referring to Figure 13, we can observe a pattern

shift compared to the GSO algorithm, as discussed in Section 3.2. This figure allows me to

analyze the differences in the paths followed by glowworms in both algorithms.
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Figure 13. Pathway of all agents demonstrating the work of the Gaussian Process
Registration Glowworm Swarm Optimization (GPR-GSO) algorithm through a graphical
representation of its algorithmic steps. This is a visual overview of how glowworms move.

The starting deployed positions are the same as in GSO, generated using the rng function
[43], enabling a detailed comparison. The algorithm ran for 140 iterations, providing
insights into the convergence and exploration capabilities of the GPR-GSO algorithm,

which will help to analyze the difference between the paths followed in both algorithms.
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Figure 14. The path taken by Glowworm AQ7 in the GPR-GSO algorithm from its a) initial
position to the goal illustrating the movement and navigation capabilities of Glowworm
AQ7, highlighting its trajectory towards the desired objective within the landscape, b) the
deployment of Glowworm AQ7 in the GPR-GSO algorithm, with a highlighted red circle
representing its radial sensor range, c¢) the beginning of next iteration of Glowworm AQ7,
with two red circles representing its increased radial sensor range, and d) the vectors
joining Glowworm A07 to the neighbors.

Figure 14 displays the path traced by Glowworm AQ7 using the GPR-GSO. The algorithm
ran for 140 iterations. But the glowworm converged earlier around 75 steps which was
achieved by taking a more directed route. Here we can see that the Glowworm AQ7 in Figure

14a traversed the path reaching source peak 03, example such as this helps distinguish the
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subtle but important difference of behavior in the algorithm and how it helps to reach
convergence with fewer steps.

Figure 14 represents the initial state of the algorithm, where Glowworm AO07 gets
deployed and scans the surrounding area with the default radial sensor perimeter. In this
iteration, Glowworm AQ7 detects one glowworm neighbor, but it fails to meet the criteria
for considering it as a neighbor. As a result, no movement takes place, and Glowworm AQ7
remains stationary. This figure illustrates the initial step of the algorithm, emphasizing the
importance of neighbor detection and selection in subsequent iterations. Moving to Figure
14c, we observe Glowworm AQ7 remaining in its previous position as the first iteration's
Step 1 begins. Glowworm AQ7 updates its sensor radius Rd_1 and successfully detects two
neighbors. This figure showcases the initial steps of the algorithm, highlighting the neighbor
detection process and the expansion of Glowworm AQ7's awareness of its surroundings.
Figure 14d focuses on Step 2 of the first iteration. In this step, Glowworm AO07 evaluates all
the possible directions to move based on the information gathered in the previous step. This
figure visually represents the exploration of movement options, providing a comprehensive

view of the potential paths Glowworm AQ7 can take in its search for optimal peaks.
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Figure 15. Glowworm A07 in the Gaussian Process Regression Glowworm Swarm
Optimization (GPR-GSO) algorithm, a) the informed vector guiding its movement
towards the nearest peaks, as well as the connection lines representing its
neighboring agents, b) Glowworm A07 moves along weighted resultant vector, c)
in the beginning of next iteration a third sensor is visible, and d) the lines joining

the neighbors.

Moving forward to Figure 15a, we delve into Step 3 of the first iteration. This step involves

considering the information derived from the GP model and a local maxima finding

algorithm. The figure represents this information as an informed vector, which points

towards the bottom of the landscape and away from the known peaks' locations. This

behavior arises from the GP model's training, where the glowworms are initially deployed
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at a distance, and the covariance is proportional to the data's position. As the figure depicts,
the prediction improves in subsequent iterations, leading to more accurate informed vectors.
Figure 15b showcases the final step (Step 4) of the first iteration. Glowworm AQ7 can be
seen moving a unit distance between NO2 and the informed vector in the direction of
weighted resultant vector highlighted in purple. The algorithm aims for Glowworm AQ7 to
be equally influenced by the informed vector while also considering its leader. The weight
of influence is determined based on the required situation and can be defined using
convexity. This figure provides insights into the movement strategy of Glowworm AQ7 and
its coordination with neighboring Glowworms. In Figure 15c, the second iteration begins
with Glowworm AQ7 increasing its radial sensor perimeter Rd_02 from its new position,
AQ7P2. The increment in the sensor radius is relatively smaller compared to the previous
iteration. As Glowworm A07 already had two neighbors, the first step successfully identifies
a new neighbor, NO3. This figure emphasizes the adaptive nature of the algorithm, where
the sensor radius dynamically adjusts based on the number of neighbors detected in the
previous iteration. Figure 15d focuses on Step 2 of the second iteration. In this step, again
the Glowworm AQ7 evaluates all the possible movement directions based on the available
information. The figure represents the exploration of movement options, providing an

overview of the potential paths Glowworm AQ7 can consider for its subsequent movement.
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Figure 16. a) Glowworm AQ7 in the GPR-GSO algorithm, depicting the informed vector,

as well as the connection lines representing its neighboring glowworms, b) movement
towards the WRV, c) beginning of new iteration, d) lines joining the neighbors. e) the

updated informed vector, and f) depicting the movement toward the WRV.
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In Figure 16a, Step 3 of the second iteration takes place. Glowworm AQ07 considers the
information provided by the informed vector, which points towards the peaks nearest to its
current position. This time, the estimation has significantly improved compared to the
previous iteration, indicating the effectiveness of the training process taking into global
information. This figure highlights the integration of prediction information into the
decision-making process of Glowworm AQ7.

The final step (Step 4) of the second iteration is showcased in Figure 16b.
Glowworm AO07 decides to move between the direction of NO3 and the informed vector,
following the new updated weighted resultant vector aiming to approach the nearest peak.
This figure represents the coordinated movement of Glowworm A07 and emphasizes the
iterative nature of the algorithm in reaching optimal solutions. Figure 16c initiates another
iteration, where Glowworm AQ7 remains in position A07P4 and repeats Step 1. The sensor
radius increment in this iteration is relatively small, and while the step is partially successful,
no new neighbors are identified, and the previous neighbors remain the same. This figure
demonstrates the dynamics of neighbor detection and the influence of the sensor radius
increment on the algorithm’s behavior. Step 2 of the third iteration begins as shown in Figure
16d. Glowworm AQ7 decides on the paths to follow based on the available information,
exploring potential movement directions. The figure provides an overview of the movement
options considered by Glowworm AQ7. Figure 16e focuses on Step 3 of the third iteration.
Glowworm AOQ7 determines Neighbor NO1 as the leader glowworm based on the highest
probability of luciferin value at that situation. Glowworm AQ7 also considers the updated
informed vector, which now points accurately towards the peaks after three rounds of
training. This figure highlights the coordination between Glowworm AO07 and its leader, as

well as the integration of prediction information derived from the GP model. The final step
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(Step 4) of the third iteration is depicted in Figure 16. Glowworm AQ7 moves a unit distance

equally between NO1 and the informed vector, which can also be referred to as the ascent

area. This figure illustrates the movement of all the glowworms from their previous

positions to their current positions.
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Figure 17. a) Glowworm AQ7 in the GPR-GSO algorithm, the beginning of new iteration,
b) the connection lines representing its neighboring glowworms, c) the informed vector, d)
the updated informed vector and the movement towards along the WRV.

Figure 17a presents an additional iteration to validate the accuracy of predictions

using the GPM. As Glowworm AQ7 moves to position AO7P4, Step 1 of the fourth iteration

begins. Like previous iterations, the glowworm’s movement starts with a small increment,
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and while it is successful in identifying two new neighbors, no new neighbors are detected.
Figure 17b highlights the continuous neighbor detection process and the algorithm's
adaptability based on the sensor radius increment. Next, during the second step of the fourth
iteration, Glowworm AQ7 evaluates the luciferin values of the five neighbor glowworms
and selects NO1 as the leader. This figure emphasizes the leader selection process and its
influence on Glowworm AO7's movement decisions. The third step of the fourth iteration
takes place in Figure 17c. Glowworm AQ7 considers the updated informed vector, which
has been trained using the emission values sensed by all glowworms at their positions visited
during the previous iterations. The figure illustrates an improved accuracy of the informed
vector in pointing towards the nearest peaks from Glowworm A07’s current position. This
highlights the improved prediction capabilities of the GP model as it receives more training
data. Finally, in Figure 17d the movement of Glowworm AQ7 between the lead neighbor
NO1 and the informed vector is depicted. Glowworm AQ7 follows the guidance provided by
the leader glowworm and integrates it with the prediction information to navigate towards
the nearest peak. This figure illustrates the coordination between Glowworm AQ7, its leader,
and the informed vector, emphasizing the iterative nature of the algorithm in achieving
convergence. These figures collectively provide a visualization of the movement and
decision-making process of Glowworm AOQ07 and all glowworms in the GPR-GSO
algorithm. They showcase the algorithm’s adaptive capabilities, exploration strategies, and
convergence behavior over multiple iterations, highlighting the effectiveness of the

algorithm in reaching optimal peaks.
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4.3 Efficiency Analysis

4.3.1 Path Traces of All Glowworms

Figures 18 and 19 are crucial in understanding. and comparing the paths taken by
glowworms in the two algorithms of GSO and GPR-GSO, respectively. These figures
provide visual representations of the glowworm movements and distribution until the
estimated peaks are reached. By examining the paths taken by glowworms in both
algorithms, we can discern the differences in their approaches and assess the impact on
overall algorithm efficiency. Furthermore, the analysis of glowworm distribution sheds light
on the variations between GSO and GPR-GSO and how these differences contribute to
enhanced performance, while gaining valuable insights into the distinct characteristics and
benefits of utilizing the GPR-GSO algorithm for optimizing peak exploration and

exploitation. Figure 18 illustrates the paths traveled by all glowworms using the GSO

algorithm until the estimated peaks are reached.
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Figure 18. GSO Movements

Comparing this Figure 18 and 19 enables a visual analysis of the disparities between the
GSO and GPR-GSO methodologies. The variances in glowworm distribution and

movement patterns provide insights into the potential enhancements in GSO algorithm
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Figure 19. GPR-GSO movements

performance. Notably, the luciferin values derived from neighboring glowworms' estimated
peaks influence the distribution of glowworms, resulting in a greater number of glowworms
gravitating towards the peak with the highest value, thereby delaying convergence. These
figures offer valuable insights for comprehending the advantages and distinctions associated
with the implementation of the GPR-GSO algorithm in peak optimization tasks. It is worth
noting that the GP model reaches a high level of accuracy below 0.005 around the 12th to
13th iteration, and the Weighted Random Vector (WRV) provides more precise directional
information, hence a diversion can be observed around the region where probability to move

to either of the peaks nearly equal in terms of distance. Additionally, the way glowworms
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distribute themselves is purely a consequence of the WRV based on their initial deployment
distance from the estimated peaks, which plays a significant role in enhancing the
algorithm's efficiency. Notably, the deployment distance from the estimated peaks
influences the redistribution of glowworms, leading to more effective and efficient
convergence. These figures provide valuable information for understanding the benefits and

distinctions of employing the GPR-GSO algorithm in source localization tasks.

4.3.2 Number of Iterations to Convergence

The test was run with 50 glowworms both for GSO and GPR-GSO untill all the glowworms
converge. The GSO algorithm took about 150 iterations for all glowworms to converge, and
GPR-GSO took about 119 iterations for all 50 glowworms to converge. It also observed that
as early as 38" iteration, convergence starts taking place in GPR-GSO. In contrast first
convergence occurs at 58" iteration in GSO. This analysis shows us on an average how
many iterations were required for 50 glowworms to reach within the 0.1 diameter of the
respective peaks. Here too, GPR-GSO outperfoms GSO by an average of 23 iterations or it

is 17.69 % faster than GSO. Mean and standard deviation values are listed in Table 1.

GSO GPR-GSO
Mean 92.6800 69.6200
Std 18.8749 26.2538

Table 1. Mean and Standard Deviation of the GSO and GPR-GSO
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Iter | Target | GSO | mGSO | GSO | mGSO
radius

10 0.04 2 3 5 7
0.06 6 7 11 11
0.08 9 11 18 22

30 0.04 3 15 17 27
0.06 11 20 30 29
0.08 15 20 40 51

50 0.04 16 21 42 54
0.06 17 28 52 54
0.08 22 33 57 65

80 0.04 22 40 63 70
0.06 36 48 68 79
0.08 44 49 75 94

100 0.04 45 50 79 98
0.06 49 50 81 99
0.08 50 50 94 100

Table 2. Target Radius of GSO and mGSO

Similarly, the convergence at distance .04, .06, .08 was also evaluated for a group of fifty
and hundred glowworms group size, respectively. The convergence of more than fifty
percent in a group is highlighted in red. Even in case of hundred glowworms, almost fifty
of them reached the intended location within 30 iterations whereas for GSO alone, it took
20 steps further to reach the intended location. This again highlights the importance of the
global information in path planning of the glowworms that can significantly impact search
performance. Here, both the local and global information are weighted equally. However,
there is a possibility to leverage the global information to decide the next waypoint that can
improve performance, while returning to equal weightage as the distance from intended

source is shorter than 10%, in which case the local information will be more reliable.



55

4.3.3 Path Length
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Figure 20. Path Lengths
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Figure 21 Path Length Average
The path traveled by glowworms was analyzed in both GSO and GPR-GSO. The distance

traveled by each glowworm was calculated by multiplying the number of steps taken to

converge with the step-length. The glowworms are assumed to converge when they are
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within 0.01-0.03 units of the emission source for the first time. As mentioned earlier, each
step is of uniform length. A step size of 0.03 is defined, which means it travels 0.3-unit
length before identifying a new leader to follow. This parameter can be increased or
decreased depending how frequently sampling is required. Various step size has been
experimented starting from 0.9 to 0.01 to understand the impacts of how frequently it needs
to update and identify a new leader, large step size leads to failure of identifying all the
peaks and too small step size leads to redundant sampling data, so 0.03 is an optimum step
size to consider as in our case the search space is -3 x 3. The glowworms landed far away
from the sources traversed almost equal distance in both cases, but glowworms landed in
the surroundings and converged quickly in GPR-GSO. The average length of all the
glowworms in GPR-GSO the traveled is shorter path (define in magnitude and percentage)
and have a higher possibility to move towards the nears peaks from its deployed location.
The number of glowworms converged at different iterations which also shows a trend which

is significantly better than GSO.

4.3.4 Individual Glowworms traces (path length vs straight line distance)

The ratio of the distance of the deployed locations of the glowworms to their respective
peaks over the path length traveled following GSO and GPR-GSO is calculated. The
closeness to one defines the straightness of the path, and if the ratio is far lesser than one,
then the lengthier the path was taken to reach the goal. This is based on convergence
respective to the individual glowworms to their targets, the figure below demonstrates the

Same.
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It is clear that the paths traversed by glowworms in GPR-GSO are closer to a straight line,
while the paths traversed by glowworms are longer in GSO. There are cases where the
glowworms converge to different target sources in GSO and GPR-GSO. Some of such
examples are displayed below.

a. Different target cases

The figure on the left demonstrates Glowworm A02’s path in GPR-GSO. The figure on the
right shows Glowworm A02’s path followed in GSO; we can see the glowworm chose to

move towards Peak 02 initially.
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In the case where the glowworm moved towards the same target both in GSO and GPR-

GSO, the path followed by GSO is more curvy as it was influenced by the local neighbors
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alone, in turn it took longer routes to converge, where it is clearly visible when the global
information was incorporated, the path was more directed to the intended peak and hence
required less exploration, and shorter routes and faster convergence was achieved.

4.3.5 Cumulative vs. Non-cumulative (Number of Iterations)

The GPM needs to be trained using input-output pairs to find the optimal number of data
points needed to find the best predicted cost function, which is the multimodal function
profile spread across the search space of the glowworms. As swarm size is directly related
to number of samples at each iteration, different swarm size was tested to compute the
predicted peaks error over different iterations. It is observed that with a swarm size of 100,
the error is minimized to 0 after the first iteration, but it also increases the sample data size
which makes it computationally heavy. Bringing the swarm size down to 80, the error went
down to same percent as 100 s glowworms after 5 iterations. Although there was an increase
of error, it established after 10th iterations and stays that way. As the size of the glowworms
was reduced to 50, the error was initially high, but it sharply drops to the levels of 100
swarm size after 15 iterations. So, the optimum swarm size was 50 glowworms. This is the
case where all the previous data was used to train the GPM. Training data set size is given
by N * i, where N is the number of glowworms and i is the number of iterations.

The glowworms’ location information and their luciferin values constitute the
input/output pair {[x, ¥, [z]}. For N = 100, at each iteration, we have 100 new data points.
Therefore, the number of data points increases as 100, 200, 300, and so on. The other method
devised is to only collect the data at current locations, which never drives error to zero. This
is because, as the glowworms start moving near to the peaks, the data are less scattered and

more concentrated over a small area of the search space and it leads to high deviation in rest
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of the search space, and hence the predicted model fails to provide useful information to the

glowworms. Figure 24 demonstrates the same in all cases of 100, 80, 50 swarm sizes.
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Figure 26. Cumulative and non-cumulative swarm sizes
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Figure 27. Estimated peaks at different resolutions and iterations before Local Max
Filter is applied to the GPM Derived Cost Function

Figure 25a represents all the estimated peaks at different resolution and iterations before
local max filter is applied to the GPM derived cost function. The figure on the right
demonstrates the varying estimated peaks as the GPM gets trained with each iteration, we
have observed that estimation errors is down to 0.001 by the 15 iterations, which also gives

an idea for approximate sample size needed to train the GPM.
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4.4 Reduction in Deviation using GPR-GSO
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Figure 28. Reduction in Deviation using GPR-GSO

In the context of deriving the deviation as a cost function, the GPM is trained using a set of
train data pairs. The GPM learns the underlying patterns and correlations in the data,
allowing it to make predictions for unseen inputs. These predictions are not only point
estimates but also come with associated uncertainties. The GPM provides not only the

predicted mean values but also the variance or uncertainty associated with each prediction.
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The deviation can be obtained by considering the range within which the predicted values
are likely to fall with a 95% level of confidence. By calculating the width of these prediction
intervals, the 95% deviation can be determined. This deviation serves as a measure of the
spread or uncertainty in the predictions and can be used as a cost function in various
optimization tasks. This bound is converted as a deviation matrix for the search space which
is used as a cost function in the GPR-GSO. Initially the bounds are small around presence
of glowworms. As the iterations increase, the glowworms try to move to peaks which
represents the high deviations. As the iterations progress, the cost function is updated as the

deviations are changed as the glowworms are displaced.
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CHAPTER V

CONCLUSIONS AND FUTURE WORK

This thesis presented techniques for search and rescue at disaster sites using autonomous
robotic swarms, with a specific focus on the task of multiple emission source localization.
The GPR-GSO algorithm, which combines properties of the original GSO algorithm and
Gaussian Process Regression (GPR) based data-driven predictive modeling, was developed
to improve the search efficiency of robotic swarms. The problem formulation, methods, and
illustrative numerical simulations were presented. Results from a comparative analysis were
presented to show that the GPR-GSO algorithm exceeds the performance of the benchmark
GSO algorithm on evaluation metrics of swarm size, search completion time, and travel
distance. Future work includes further experimental evaluation of the GPR-GSO algorithm
by varying parameters like swarm size, initial swarm deployment distribution, number of
emission sources and their placements, and other algorithmic parameters of GSO and GPR
methods. A comparative analysis with other benchmark swarm robotic search algorithms
can also be conducted in the future. This work can also be extended by the physical
implementation of the GPR-GSO algorithm in a swarm of mobile robots for applications in

two- and three-dimensional environments.
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