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Abstract

These days, the nature of global optimization problems, especially for engineering sys-
tems has become extremely complex. For these types of problems, nature inspired search
based algorithms are providing much better solutions compared with other classical opti-
mization methods. Among them, the Particle Swarm Optimization (PSO) algorithm has
been mostly preferred due to its simplicity and ability to provide better solutions. PSO
algorithm simulates the social behaviour of a bird swarm in search of food where the
birds are modelled as particles. The limitations associated with PSO have been exten-
sively studied and different modifications, variations and refinements to PSO have been
proposed in the literature for enhancing its performance. The idea of utilizing intelligent
swarms motivated towards exploring human cognitive learning principles for PSO. As dis-
cussed in learning psychology, human beings are known to be intelligent and have good
social cognizance. Therefore, any optimization technique employing human-like learning
strategies should prove to be more effective. This thesis addresses the use of human
learning principles inspired strategies for the PSO algorithm. The major contributions
of the thesis are:

e Self-Regulating Particle Swarm Optimization (SRPSO) algorithm.

e Dynamic Mentoring and Self-Regulation based Particle Swarm Optimization (DMeSR-
PSO) algorithm.

e Directionally Driven Self-Regulating Particle Swarm Optimization (DD-SRPSO)
algorithm.

e Incorporation of a constraint handling mechanism in the structure of the DD-
SRPSO algorithm.

The Self-Regulating Particle Swarm Optimization (SRPSO) algorithm is inspired
from the human self-learning principles. SRPSO utilizes self-regulation and self-perception
based learning strategies to achieve an enhanced exploration and a better exploitation.
The self-regulated inertia weights are employed only for the best particle whereas all
the other particles perform search employing self-perception of the global best search
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direction. The perception is dynamically changed in every iteration for intelligent ex-
ploitation. The effect of human learning strategies on the particles has been studied
using CEC2005 benchmark problems and the performance has been compared with the
state-of-the-art PSO variants. The results clearly indicate that SRPSO converge faster
closer to the global optimum with a 95% confidence level.

Further, human beings utilize multiple information processing strategies during the
learning process and collaborate with each other for better decision making. Integration
of socially shared information processing will further enhance the performance. There-
fore, a new algorithm referred to as Dynamic Mentoring and Self-Regulation based Par-
ticle Swarm Optimization (DMeSR-PSO) algorithm has been proposed incorporating the
concept of mentoring together with the self-regulation. Here, the particles are divided into
three groups consisting of mentors, mentees and independent learners. The elite particles
are grouped as mentors to guide the poorly performing particles of the mentees group.
The independent learners perform search using self-perception based learning strategy of
the SRPSO algorithm. Tested on both the unimodal and multimodal CEC2005 bench-
mark problems the DMeSR-PSO has shown improved convergence than the SRPSO al-
gorithm. Further, the robustness of the algorithm has been tested on CEC2013 problems
and eight real-world optimization problems from CEC2011. The results indicate that
DMeSR-PSO is significantly better than other PSO variants and other population based
optimization algorithms with a 95% confidence level, yielding an effective optimization
algorithm for real-world applications.

Both SRPSO and DMeSR-PSO are rotationally variant algorithms and therefore the
performances have not been significant on the rotated problems. To overcome this, a di-
rectionally updated and rotationally invariant SRPSO algorithm has also been developed
named as Directionally Driven SRPSO (DD-SRPSO) algorithm. Here, the poorly per-
forming particles are equipped with complete social perception guidance. Other particles
are randomly selected to perform search either by using self-perception based learn-
ing strategy of SRPSO or by applying a rotation invariant strategy. The performance
of DD-SRPSO tested on rotated problems from CEC2013 proves that DD-SRPSO is
significantly better than SRPSO. Its performance, compared with other algorithms on
CEC2013 benchmark problems clearly indicates that DD-SRPSO is significantly better
than selected algorithms on a wide range of problems.

Further, a new constraint handling mechanism has been incorporated in the DDSRPSO
structure referred to as DD-SRPSO with constraint handing mechanism (DDSRPSO-
CHM). Next, the application of DD-SRPSO-CHM in optimizing multi-stage launch ve-
hicle configuration has been studied. In a multi-stage launch vehicle configuration, the
multiple objectives are converted into a single objective with constraints and these are
efficiently handled by DD-SRPSO-CHM. Comparative analysis on the problem suggests
that DD-SRPSO is converging faster towards the solution.

By incorporating human-like behaviour in the PSO algorithm, the developed vari-
ants have shown a faster convergence closer to the optima over a diverse set of problems



indicating that the algorithms are potential choice for complex real-world applications.
In the future, the algorithm will be extended for solving multi-objective optimization
problems. The equality constraint handling mechanism has already been implemented in
the DD-SRPSO algorithm which can be further extended for the inequality constraints.
Furthermore, more human learning strategies can be explored for performance enhance-
ment.
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Chapter 1

Introduction

In recent years, optimization problems have become extremely complex and obtaining
the best results has become challenging. In many engineering design applications, several
decisions are required to be made for achieving the ultimate goal of either minimizing
the required efforts or maximizing the desired benefits. The process of finding the most
favourable solutions is often challenging. The area of development of optimization algo-
rithm has been extensively researched and numerous numerical optimization techniques

have been developed for achieving the desired optimal solutions [2].

1.1 Background and Motivation

Most of the real world problems are black-box optimization problems. Black-box opti-
mization refers to solving such problems that does not have an analytical formulation.
In these problems, the gradient information and problem domain specific knowledge are
unknown beforehand for the objective function. Here, the objective function is a mathe-
matical expression that defines the objectives of the problem. The ultimate goal for the
optimization algorithm is to evaluate the objectives in such a way that the function is
minimized or maximized. The efficiency of the optimization algorithm for evaluating a
black-box optimization problem is usually measured in terms of number of evaluations to
reach a target value. These problems can be either constrained or unconstrained depend-

ing on their characteristics. For these problems, a qualitative measure is not available



CHAPTER 1. INTRODUCTION

to identify the maxima or minima of the problem and hence the objective functions are
optimized in a black-box interface. The only available solution is to execute the opti-
mization algorithm on the problem and take the performance as a feedback for further
experimentation. As indicated in [3], the classical optimization algorithms have failed to
solve such problems and therefore this motivated the researchers to develop evolutionary
algorithms. Over the past few decades, many powerful population based meta-heuristic
optimization algorithms have been developed. These algorithms have effectively provided
the optimal /near optimal solutions to those problems where the traditional optimization
algorithms have failed miserably [3].

In the past decade, researchers initially introduced evolution inspired algorithms
comprehensively discussed in [4, 5] such as Genetic Algorithm (GA) [6], Differential
Evolution (DE) [7], Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [§]
etc. Another research area introduced various optimization algorithms inspired from the
principles of physics such as Artificial Physics Optimization (APO) [9], Galaxy based
Search Algorithm (GbSA) [10], Power Spectrum optimization inspired by Magnetic Bac-
teria Algorithm (PSMBA) [11], Gravitational Search Algorithm (GSA) [12] etc. Further,
researchers took inspiration from nature and developed several nature inspired optimiza-
tion algorithms. These algorithms include Particle Swarm Optimization (PSO) [13], Ant
Colony Optimization (ACO) [14], Artificial Bee Colony (ABC) [15], Bio-geography Based
Optimization (BBO) [16], Artificial Immune System (AIS) [17] etc. These algorithms are
commonly referred to as Swarm Intelligence (SI) algorithms because these algorithms
mimic the collective behaviour of a swarm of any creature for optimizing a given prob-
lem. Among these research areas, the most notable one in providing good solutions has
been the nature inspired optimization algorithms [18].

All these algorithms have either replicated the evolution inspired mechanisms like
reproduction, crossover, mutation and selection in their design and implementation or the

collective behaviour of a swarm of creatures. Another way of looking into these problems

2



CHAPTER 1. INTRODUCTION

is by utilizing the human learning characteristics. It has been shown in human learning
psychology that humans are effective learners, better planners and good decision makers
[1]. Humans are superior to other creatures as they possess self-regulation characteristics
to learn from the environment in a better way and plan accordingly. This has motivated
us to explore the use of human learning principles for achieving better optimized solutions.

Studies in human learning psychology have suggested that humans adopt a self-
regulatory mechanism in their learning process for effective learning [19]. Self-regulation
controls the learning process through proper planning and selection of appropriate learn-
ing strategies. It enables the learners to perform the task with higher order thinking
such as planning, monitoring and evaluating. The self-regulatory mechanism in human
learning has been presented as a general framework in the Nelson and Naren’s model
[1]. This framework consists of a meta-cognitive component and a cognitive component
interlinked with each other through flow of information. This framework describes the
learning processes such that human beings regulate their cognitive processes and improve
their cognitive skills through development of new strategies and evaluation of acquired
information. The pictorial representation of this framework is shown in figure 1.1. There
are two layers in the model, the meta-cognitive layer consisting of the dynamic model of
the lower layer called the cognitive component. The layers communicate with each other
using the flow of information signals. Based on this information, the meta-cognitive com-
ponent decides the future states of the cognitive component and generates appropriate
control actions.

Further, learning in human beings is not limited to self-cognizance since humans
perform learning using multiple information processing strategies [1]. Collaborative and
cooperative socially shared information helps in attaining the maximum gain from the
environment. In human psychology, a conscientious human is described as one who
effectively utilizes his self and social cognizance, regulates his strategies, monitors his

performance, effectively performs information sharing and makes better decisions [20].

3



CHAPTER 1. INTRODUCTION

Hence, socially shared information among humans provides them better understanding
of the environment and guides them towards the desired goals. According to [21], human
beings transfer and gain knowledge from each other through the process of teaching and
learning. There are different learning mechanisms in socially shared interactions adopted
by humans to gain the maximum benefit such as exemplar based learning, peer learning
etc. In exemplar based learning, humans learn by following a role model and often the
exemplar is not an individual but a group of individuals. The learning environment here
is one way where the exemplars are providing the information and learners are following
them. Peer learning is a successful learning technique adopted in human beings especially
by the students where learners learn from each other. A combination of several socially
shared information processing principles is provided by the mentoring based learning.
Here, humans do not completely imitate each and every social influence instead they
perform self-reflection to identify the proper information for adopting in their learning
process. This method allows an individual to perform self-reflection of his learning and
identify the proper information for adopting a particular strategy [22]. Guidance on the
other hand, is another highly influential learning strategy adopted among elite and weak
learners. Here, the elite learners guide the weak individuals and raise them towards a
better performance.

Human cognitive psychology can be explored for applying the learning mechanism
in an optimization algorithm. Further, there are several avenues, such as individual
learning, mentor based learning, group based learning (mentoring and guiding) etc that
can be explored. Motivated from this, the study is directed towards development of
algorithms that can optimize any problem utilizing the human self and social cognition
i.e. possesses a human-like self-regulative mechanism for better decision making. If
one closely studies any of the available optimization algorithms, they do not possess
self-regulatory characteristics. Applying human learning principles in the algorithm will

provide a self-regulative mechanism to the algorithm for effective search.
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Flow of
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Figure 1.1: Nelson and Naren’s Basic Framework of Human Cognitive Processes [1]

Among the nature inspired optimization algorithms, a computationally effective and
simple algorithm is the Particle Swarm Optimization (PSO) introduced in 1995 by
Kennedy and Ebenhart [13]. PSO is a population based optimization algorithm. PSO
has become an immediate choice for optimization technique due to its reduced memory
requirements and ease of implementation as well as its extraordinary performance for
providing optimum solutions on numerous benchmark problems and real-world applica-
tions. It has been successfully implemented on many real-world problems [23, 24, 25, 26].
PSO is derived from the collaborative swarm behavior for search of food by birds flocking
and fish schooling [27, 28]. Each member in a swarm updates its search patterns using
its own experience i.e. exploration and other members’ experiences i.e. exploitation
and share information with each other throughout the searching process to ensure that
all of them move towards the optimum solution [27]. PSO is an effective algorithm for
providing good and competitive performance [29] at a very low computational cost [4].
In the recent past, PSO has been extensively researched whereby researchers focused on

development of new strategies in the PSO algorithm [30, 31, 32, 33, 34, 35] and most
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recently [36, 37, 38, 39, 40, 41, 42, 43, 44, 45]. Tt has been seen that different variants of
PSO have provided much promising convergence characteristics.

Further, researchers have trusted the PSO algorithm for solving different real-world
applications. In the thesis, the staging problem of multi-stage launch vehicle optimiza-
tion has been addressed. Launch vehicle staging design is a complex and computation-
ally intensive optimization application [46]. The placement of satellite at appropriate
orbits is highly dependent on vehicle configurations such that the total vehicle weight is
minimized and the ratio of the payload to lift off weight is maximized. The launch con-
figuration optimization has been carried out in [47]. In [48], an effective multi-objective
PSO algorithm has been proposed for successfully performing population classification
in fire-evacuation operations. The algorithm has been reportedly applied to real-world
fire evacuation operation at China and has provided successful fire evacuation. In [49], a
hybrid Adaptive Radial Basis Function-PSO (ARBF-PSO) has been proposed for finan-
cial forecasting purposes. The ARBF-PSO algorithm has been applied to forecast foreign
exchange rates whereby it has provided better results on tested currencies with statisti-
cal accuracy and trading efficiency. Recently, a Self-Learning PSO (SLPSO) algorithm
has been applied to vehicle routing problem [50] whereby the algorithm has provided
the best routes by successfully handling the constraints. Similarly, multiple non-linear
objects tracking for real-time applications have been successfully performed by Weight
Adjusted PSO (WAPSO) algorithm with robustness [51]. In medical field, PSO technique
together with Fuzzy C-Means clustering referred to as PSO-FCM algorithm has been uti-
lized to perform image segmentation for MRI images [52]. Recently, several real-world
applications have been successfully solved by PSO [53, 54, 55, 56, 57, 58].

It is evident that the performance of PSO can be further improved by incorporating
human intelligence, creativity, productivity, decision making, planning and regulation.
Therefore, PSO has been adopted in this thesis as a candidate for integrating human

learning principles inspired learning mechanism in the algorithm.
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1.2 Objectives

The primary objectives of this thesis is to incorporate human learning principles described
in the human learning psychology into a nature inspired population based optimization
algorithm and assess the impact on the algorithm’s performance. Among nature inspired
algorithms, PSO is simpler and efficient therefore, we have taken it as a candidate to

integrate the concept. The main objectives are discussed below:

e To integrate human self learning principles described in the human learning psy-
chology in PSO that will introduce a self-regulatory mechanism to the basic PSO
framework. As discussed earlier in the previous section, the best planners employ
self-regulation and use self-perception of their past experiences to adjust their future
directions of search. This results in effective search and provide better outcomes.
Hence, the main objective of the thesis is to implement human self-regulation in

the PSO algorithm.

e To explore more human social learning principles and integrate the concepts in
the PSO algorithm. It is well-known that human beings possess intelligence and
have good social cognizance and they perform learning using multiple information
processing strategies. Taking an inspiration from a classroom environment and
exploring different learning techniques adopted by the learners i.e. How humans
interact with each other? How they mentor others? How they guide others? etc.
gives a clear picture of human social interactions. Human self-learning principles
incorporated in PSO might not work better on complex problems due to the lack
of social interactions among particles. Socially shared information will help the
particles to acquire a better learning scheme that can lead them towards potentially
better solutions. Hence, another main contribution of the thesis is to develop a

human social learning principles inspired PSO algorithm.
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e To make the algorithm rotationally invariant for tackling the rotated characteristics
of the complex problems. PSO is a rotationally variant algorithm that performs
search separately along each dimension. On the other hand, the rotated charac-
teristics of a problem demand such an algorithm that can perform effective search
on non-separable dimensions. To address this issue it is necessary to incorporate

rotationally invariant characteristics in the PSO algorithm.

e To integrate a constraint handling mechanism in the structure of the PSO algo-
rithm. Most of the real world problems are governed by constraints and the PSO
algorithm is designed to solve unconstraint optimization problems. Therefore, it is
necessary to design an algorithm that can efficiently address the constraints of any

problem.

1.3 Major Contributions of this Thesis

In this thesis, motivated from human cognition a novel scheme of simultaneously applying
multiple strategies for updating the particles’ velocity in the PSO algorithm have been

proposed. The major contributions of this thesis are:

e Development of a Self-Regulating Particle Swarm Optimization (SRPSO)
algorithm: A self-regulated learning mechanism in the form of self-regulation and
self-perception has been incorporated in the PSO algorithm. Since, the particles
employ self-regulated search and perception, the algorithm is referred to as Self
Regulating Particle Swarm Optimization (SRPSO) algorithm. The main compo-
nents of the SRPSO algorithm are:

— Self-requlated inertia weight strategy for the best particle. Here, the particle
which achieves the global best at any given time, remains in the exploration

mode without interacting with other particles and it also adaptively adjusts
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its learning strategies by self-regulating its inertia weight. Hence, the best
particle explores effectively and provides better convergence towards the global

optimum.

— Self-perception for the selection of direction from global best strategy for the
other particles. Here, the particles make self-perception for the selection of
directions from the global best value to update their velocities. This helps
in better convergence as updating is not dependent on all the global best
directions where some of the directions might take the particle away from the

global optimum.

The effect of these strategies on convergence is studied using the CEC2005 bench-
mark problems [59]. The results obtained from SRPSO and a statistical analysis
for the same clearly proves that SRPSO is significantly better in providing accurate
solutions on the benchmark problems as compared to other state-of-the-art PSO

algorithms.

e Development of a Dynamic Mentoring and Self-Regulation based Parti-
cle Swarm Optimization (DMeSR-PSO) algorithm: Human socially shared
information processing scheme has been implemented in the PSO algorithm. The
proposed algorithm employs the process of dynamic mentoring and self-regulation
that allows the particles to improve their search capabilities by intelligently utilizing
both the self and social cognizance. Here, the particles are divided into three groups

consisting of mentors, mentees and independent learners. The main components of

the DMeSR-PSO algorithm are:

— The mentors group: The particles in this group consists of the best particle and
the particles closer to it in terms of fitness difference and Euclidian distance.
The best particle performs search using the same self-regulated inertia weight

strategy of SRPSO. The other particles in this group perform belief based
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search where the particles will have a full self-belief and partial social-belief.
Therefore, the particles will perform search with a strong influence of their

owI experiences.

— The mentees group: The poorly performing particles are grouped as mentees
and are mentored for performance improvement. These particles utilize either

the self-belief search strategy or the social-cognition based search strategy.

— The independent learners group: The remaining particles are grouped as in-
dependent learners. The self-perception for the selection of direction from the

global best strategy of SRPSO has been adopted by the particles in this group.

The effect of these strategies on convergence is studied using benchmark problems.
The results indicate that DMeSR-PSO is significantly better than other PSO vari-
ants and other population based optimization algorithms with a 95% confidence

level, yielding an effective optimization algorithm for real-world applications.

e Development of a Directionally Driven Self-Regulating Particle Swarm
Optimization (DD-SRPSO) algorithm: SRPSO and DMeSR-PSO algorithms
are both rotationally variant algorithms. The complexities associated with real
world problems also include rotated characteristics whereby the objective functions
cannot be optimized separately along each dimension. Therefore, a directionally
updated and rotationally invariant SRPSO algorithm has been developed named
as Directionally Driven SRPSO (DD-SRPSO) algorithm. The main components of
the DD-SRPSO algorithm are:

— Directional update strategy: In this strategy, a group of elite particles from
the top performing particles are selected to update the search directions of
the group of poorly performing particles. The velocity update for poorly per-

forming particles is derived from the group of elite particles. The centroid of
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personal best performance of three elite particles has been selected as the per-
sonal best of poorly performing particles. Also, the group of poorly performing

particles will always follow the global best direction.

— Rotationally invariant strategy: The rotationally invariant strategy makes the
particles capable of tackling problems with rotational characteristics. In this
strategy, a center of gravity a is calculated around three points; a) particle’s
current position, b) particle’s personal best position and ¢) local best position
of the swarm. Then, a hyper-sphere is generated centered at a Finally, a
random point is selected in the hyper-sphere as the new current position of

the particle.

The effect of these strategies on convergence is studied using benchmark problems.
The experimental studies clearly indicate that DD-SRPSO is significantly better

than other PSO variants and evolutionary algorithms on a wide range of problems.

e Constraint handling technique: Most of the real world applications have con-
straints associated with them. For example, the economic decision applications are
subjected one or series of constraints. Any manufacturing firm will take decisions
of maximizing the profit subjected to the constraints of production capabilities
of the firm. Similarly, another application area is the ground traffic management
at an airport. The airport traffic management will take decisions of minimizing
the waiting time of aircrafts subjected to the constraints of number of taxiways,
runways and holding areas. Therefore, a new constraint handling technique has
been implemented in DD-SRPSO and the algorithm is referred to as DD-SRPSO
with constraint handing mechanism (DD-SRPSO-CHM). Here, equality constraint
handling mechanism has been incorporated within the structure of the DD-SRPSO
algorithm in such a way that during the updation process the particles will never

violate the constraints. The proposed constraint handling mechanism has been
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studied in the optimization of multi-stage launch vehicle configuration. In the
staging problem, there are certain equality constraints that are required to be met
for maximum outcome. The DD-SRPSO-CHM algorithm achieves the maximum
payload whereby the DD-SRPSO algorithm fails to achieve the same. Further,
the comparative analysis suggests that DD-SRPSO-CHM is faster in solving the

staging problem.

1.4 Organization of this Thesis

The rest of the thesis is organized as follows:

Chapter 2 presents the literature review on particle swarm optimization algorithm,
consisting of the basic PSO and also the state-of-the-art PSO variants. The state-of-
the-art PSO variants are classified into four categories, namely; parameter selection,
neighbourhood topology, learning strategy update and hybrid version and the different
variants of the algorithm available in each category are discussed in detail.

Chapter 3 presents the SRPSO algorithm. The chapter starts with a brief overview
of the human learning principles followed by its incorporation in the PSO framework.
All the incorporated strategies are discussed in detail and a new self regulating PSO
algorithm is presented with an analysis of each strategy. The proposed algorithm is
compared with six state-of-the-art PSO variants on twenty five CEC2005 benchmark
functions and the experimental setup and results are provided. This chapter also presents
a detailed analysis of the performance comparison and statistical significance of SRPSO.
Finally, the computational complexity analysis of the selected PSO variants compared to
the SRPSO algorithm is also provided in this chapter.

In chapter 4 human socially shared information inspired DMeSR-PSO algorithm
is presented. First, an overview of some human social learning principles is provided
highlighting the importance of mentoring based learning followed by the process of men-

toring based learning. Next, the incorporation of mentoring process in PSO is discussed
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together with the learning strategies. Then, an analysis of the impact of learning strate-
gies on the performance is presented. Finally, a comparative analysis of the performance
of DMeSR-PSO algorithm compared to SRPSO and eight other evolutionary algorithms
is provided.

Chapter 5 introduces the Directionally Driven SRPSO algorithm. First, a brief
overview is provided followed by the detailed description of the DD-SRPSO algorithm.
The chapter includes details about learning strategies, selection of particles for the strate-
gies and an analysis of the impact on convergence. Performance of DD-SRPSO has been
compared with well-known PSO variants and other evolutionary algorithms on more com-
plex CEC2013 benchmark functions and the detailed comparison together with a rank
based and statistical analysis is provided. Finally, a comparative analysis of SRPSO,
DMeSR-~PSO and DD-SRPSO is also included in this chapter.

Chapter 6 provides the performance evaluation of SRPSO, DMeSR-PSO and DD-
SRPSO on practical optimization problems. This chapter contains brief description of the
selected practical problems and provides the comparative performance analysis. Next,
the DD-SRPSO-CHM and its application in optimizing multi-stage launch vehicle con-
figuration have been discussed. The chapter also includes the details about multi-stage
launch vehicle and a comparative performance analysis on the problem.

Chapter 7 summarizes the conclusions of the research and provides some recommen-
dations for the future works.

Finally, the list of publications and Appendices are included at the end of the thesis.
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Chapter 2

Comprehensive Review of Existing
PSO Algorithms

Particle swarm optimization (PSO) is derived from the collaborative swarm behavior
for search of food by insects, birds flocking, and fish schooling. The model was first
introduced by James Kennedy and Russell Eberhart in 1995 [13] and has attracted the
interest of researchers due to its simplicity, high-performance, flexibility and much lower
computation cost. Fach member in a swarm learns from its own experience and other
members’ experience and updates its search patterns. This behavior is represented using
mathematical model where the members are referred as particles. These particles provide
a potential solution in the search space. The particles search along the entire space by
moving with a certain velocity to find the global best position. Each particle collaborates
with the other particles and share its experiences with all of them. The particles adjust
their movement and position by updating their fitness values and velocities using their
own experience and other particles’ experiences. The location of the food is used as the
global optimum in the PSO algorithm. In this chapter, the standard PSO algorithm and

some state-of-the-art variants of the algorithm are discussed.

15



CHAPTER 2. LITERATURE REVIEW

2.1 The Standard Particle Swarm Optimization Al-
gorithm

Particle swarm optimization [13] is a search optimization technique used to find the
optimal solution motivated from the behaviour of bird flocking. Each swarm has a
population of particles as its members, which are initialized along the D-dimensional
search space, having random positions.

Each particle i consists of a D-dimensional position vector Z = [Xi1, Xio, Xiz, -+, Xip]
and velocity vector 7@ = [Vi1,Via, Vis, -+, Vip]. The two equations used in the algorithm

for updating the velocity and position of the particles are:
Vit = Vig + eim(Py — Xig) + cara( Py — Xjy) (2.1)

Xig' =X+ Vid"! (2:2)

where id represents the d* dimension of i"* particle and V;; and X;4 are the velocity and
position respectively of the corresponding particle. ¢t and ¢+ 1 represents the current and
next iteration respectively. Pjq represents the personal best position of particle ¢ and Py
represents the global best position i.e. the best position among all the particles. ¢; and ¢,
represents the acceleration constants and r; and ro are the random numbers distributed
uniformly within the range [0,1]. The three terms in the velocity update equation (1)
defined above describe the local behaviors followed by the particles and these terms are
momentum, cognitive component and the social component respectively. The first term
serves as the memory of the previous flight directions, the second term is used for keeping
a track of the previous best position and the third term is used for interaction with the
neighbours.

However, the primary PSO algorithm represented by Equations (1) and (2) does not
work desirably, due to the lack of adjusting strategy for the trade-off between exploration

and exploitation capabilities of PSO. Therefore, to achieve the desirable output an inertia
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weight was introduced in PSO’s velocity update equation [30]. For updating the velocity
of particles, the previous velocities are multiplied by a parameter called inertia weight to
balance the exploration and exploitation capabilities. During the entire run of the search
process, the inertia weight is commonly decreased linearly in order to ensure that the
particles are focused towards exploration at initial stages and later focus on exploitation.

The corresponding velocity update equation is:
Vi = wVig + eir (P — Xjg) + cara(Pyy — Xjy) (2.3)

It has been proved that the inclusion of w in the velocity update equation provides much
better solutions [30, 60]. Therefore, researchers have always used and considered the
update equations represented by (3) and (2) as the standard PSO velocity and position
update equations respectively. The velocity update process and the displacement of the
particles in a two dimensional search space is shown in Figure 2.1. In the figure, the
weighted influence of the three components to find the new velocity and displacement of
a particle is clearly demonstrated. Particle’s velocity due to the inertia, velocity factor
due to the best local (P;) and velocity factor due to the best global (P,) are summed up
together to determine the final velocity V' (¢t+ 1) and then the final displacement X (t+1)
is evaluated. Next we present the pseudo-code of the basic PSO algorithm as shown in
algorithm 1.

The process of information flow between the particles is performed through a defined
topology for the neighbourhood. The collaboration among the particles in basic PSO as
described in [61] is performed using a global star topology, where all the particles are
attracted simultaneously to the best particle as shown in figure 2.2(Reproduced as in
[62]). Here, the best particle is considered nearer to the global optima and it is assumed

that it will converge fast.
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x(?)

v

Figure 2.1: The PSO update process

Initialization:

for each particle i do
Randomly initialize position of each particle X; in the search range

(Xmi’m Xmax)
Randomly initialize velocity of each particle V;
end
The PSO Loop:

while (success= 0 and t < max__iterations) do
Calculate the fitness values for each particle;

Find the personal best position of each particle;
Find the Particle with the best fitness value;
Assign this value to global best;
for i = 1: Swarmsize do
for j =1 : Dimension do
Update the velocity using equation (1.3);
Update the position of each particle using equation (1.2);
end
end

end

Algorithm 1: The Basic PSO Algorithm
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Figure 2.2: PSO Neighbourhood Topology

2.2 A survey on PSO Variants

From the time of initial introduction of PSO, there had been several variants proposed

by the researchers and these variants can be broadly categorized into four groups namely;
1. Parameter selection,
2. Neighbourhood topology,
3. Hybrid version and

4. Learning strategy update.

2.2.1 Parameter Selection

Intelligent selection of the parameters is very important in providing the optimal solution.
As soon as the inertia weight w was initially introduced [30], it became an overwhelming

research area and has been extensively researched for its setting procedures. The variants
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of inertia weight setting include fixed [30], linearly decreasing [60], linearly increasing [63],
simulated annealing [64], Gaussian [65], random [66], non-linear [67], exponential [68],
adaptive [69, 70] and fuzzy adaptive [71, 72]. A recent comparative study [73] has proved
that the linearly decreasing inertia weight is the most appropriate setting because it is
simplest and most efficient.

Acceleration coefficients had also been extensive researched for providing better per-
formances. The coefficients were originally introduced and have been widely used as
constant values [74] but researchers have also investigated the time varying acceleration
coefficients [34, 75] and adaptive acceleration coefficients [76, 77] to provide more effi-
cient computational behaviour. Recently, the research is focused towards simultaneously
tuning the inertia weight and acceleration coefficients for velocity update. The areas in-
clude adaptive parameters [78, 79] and different parameters for all the particles [80, 81].
The simultaneous tuning approach has successfully enhanced the accuracy and reliabil-
ity for convergence towards the global optimum but it has introduced complexity in the
algorithm as more parameters are required to be tuned.

Among many variants, PSO with constriction factor [31] has been cited widely in the

literature. The working principle of the same is presented next.

e A constriction factor was also introduced in PSO [31] to control the magnitude of all
velocities. The work was investigated on the multidimensional version of dynamic
system defined as

v(t+1) =o(t) + Py(t) (2.4)
y(t+1) = —v(t) + (1 — ®)y(¢) (2.5)

The above equations were made equivalent to 1-dimensional version of the PSO

model using the following assumptions

D1pig + Papyd
(Zf) _ —fne ' Targe

t d =0, 4+ 2.6
D, + Dy x(t) an 1+ P2 (2.6)
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Then further modifications were performed to the dynamics of the system and five
different coefficients were introduced in equations 2.4 and 2.5 where the PSO system

was discussed as a special case of the general system defined by

v(t+1) = av(t) + fPy(t) (2.7)

y(t+1) = —yo(t) + (6 —n®)y(t) (2.8)

where ® > 0 and the coefficients {«, 3,7, J,n} are used for controlling the velocity
explosion and convergence of the system. Further, a generalized PSO model known
as a class 1" system was introduced where the coefficients were controlled as a =

B =~=mnand d =1 to provide the following system

v(t+1) = x(v(t) + Py(t)) (2.9)

y(t+1) = —xv(t) + (1 — x®)y(t) (2.10)

Finally, by substituting equation 2.6 in equations 2.9 and 2.10 the PSO variant

with a constriction factor was introduced as

v(t+1) = x(v(t) + Prri(py — z(t)) + Para(pg — x(t))) (2.11)
z(t+1)=z(t)+v(t+1) (2.12)
where y = — 2k and & =P, + Dy subjected to the constraints ® > 4 and

20— /D(D—4)
k€ [0,1].
A mathematical proof for the convergence towards the global optima was shown in
the work. The PSO variant having a constriction factor is more likely to provide
better solutions for selected problems than the basic PSO algorithm. The con-
striction factor PSO (x PSO) has been widely used by researchers for comparative

analysis of their algorithm.
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2.2.2 Neighbourhood Topology

Neighbourhood topology is another crucial factor for the performance of PSO because
the flow-rate of the best solution among the particles is decided through their connec-
tivity. The neighbourhood topology used in the initial PSO as described in [61] is the
ring topology where each particle has two neighbours. Initially, different topologies like
fully connected, wheel and Von Neumann [62] were studied for information flow and it
was recommended that the Von-Neumann topology where each particle is connected to
four neighbours provides better solutions. Researchers investigated several other topolo-
gies for selection of neighbourhood among the particles [82, 83, 84, 85] aiming towards
enhancing exploration capabilities of the algorithm. Some of these algorithms have re-
cently developed with enhanced convergence characteristics [86, 87, 88]. Among different
variants, the fully informed particle swarm [32] and dynamic multi-swarm particle swarm
optimization [89] have been widely cited by researchers for comparative analysis of their

work. Next, the working principles of both the variants are discussed.

e In [32] a novel information flow process was introduced for updating the position of
each particle. The strategy named as Fully informed particle swarm (FIPS) used a
weighted sum of all the neighbouring particles for updating the position of a given
particle. The main advantage of the strategy is that a particle’s new position is
evaluated using the information of all the topological neighbours unlike the tradi-
tional PSO where only the best neighbouring particle is used for update process
and the information from the remaining neighbours is unused. The condensed form

of the formula proposed in yPSO for velocity update equation is given by
_>
vi(t+1) = x(0i(t) + T4 @ (T — 24(1))) (2.13)

ﬁ
where ® performs point-wise vector multiplication, ® is the vector of ® values of

all neighbours and ?m is the convergence point in the search space.

22



CHAPTER 2. LITERATURE REVIEW

%
A novel form of calculation of &, and ﬁm is introduced in fully informed PSO and

the strategy is given by

b
B, = U0, ") ke N (2.14)

%
7. = Spen Wk) Py ® T
m = =
ZkeN W(k) Py

(2.15)

where 3[0, %N”] is a function that returns a vector whose position are randomly
generated within the range [0, %N‘”] using the uniform distribution, /N is the set
of neighbours of a given particle, gk is the best position found by particle k and
W is the weight of the neighbour. This novel strategy where all the neighbours
contribute to the velocity update of a given particle, has given better results and

converges faster to the global optima for the selected problems.

e Another novel approach of dynamically changing neighbourhood topology for each
particle was introduced in [89] named as Dynamic Multi-Swarm Particle Swarm
Optimizer (DMSPSO). The strategy involves random selection of small swarms
with small neighbourhood in the early stages to provide better exploration and then
dynamically increasing the neighbourhood by regrouping the swarms to incorporate
social interaction and perform better exploitation in the later stages of the search
process. The velocity update strategy used in the algorithm consists of two stages
where 1% stage is from 0 to 90% of maximum iteration and 2"? stage is 90%+ of
maximum iteration. In the first stage, the following velocity update strategy is
applied

Vid™ = wVig + ciri(pbestiy — Xiy) + cora(lbestyy — Xjy) (2.16)

where pbest;q is the personal best position of particle ¢ along d dimension and lbestyy
is the local optima found by neighbour k along d dimension. During the search pro-
cess, a randomized regrouping schedule 'R’ is implemented to enhance the diversity

of the particles by dynamically changing the neighbourhood structures. Therefore,
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in every R generations, the population is regrouped randomly and starts search-
ing using a new configuration of small sub-swarms. In this way, the information
obtained by each sub-swarm is exchanged among the whole swarm. In the sec-
ond stage, the velocity update equation of the standard PSO algorithm is utilized.
The dynamic neighbourhood structure has provided much better performances on

complex multimodal problems.

2.2.3 Hybrid Version

Hybridization for improving performance of PSO has been actively researched in which
different techniques are combined with PSO. The main focus has been directed towards
mitigating the weaknesses of the PSO algorithm by combining it with useful properties of
different strategies. The two well known methods for integrating different techniques in
PSO are the transition technique and the parallel technique. The former is combination
of a technique in PSO and the later is simultaneous running PSO with another technique.
The transition technique has proved much better and hence it has been widely used. The
techniques include embedding the unique evolutionary operators: selection, crossover
and mutation inside PSO [90, 91, 92], differential evolution [93, 94, 95, 96], diversity
enhancing mechanism [97, 36|, avoidance mechanism [98, 99, 100], combination with
krill herd algorithm [101] and combination of multi-crossover with bee colony mechanism
[102]. One can have a look into [103, 104] for detailed survey on hybridized PSO variants.
Combining PSO with other optimization techniques has provided better performances

and insight knowledge about the convergence behaviour but on the expense of complexity.

2.2.4 Learning Strategy Update

The parameter tuning and neighbourhood topology selection have provided much better
solutions than the basic PSO but there exist some issues that does not guarantee conver-

gence towards global optima in complex multi-modal search space. Hence, the demand of
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complex real-world problems encouraged the researchers to explore the learning strategies
of standard PSO and provide some new efficient learning strategies. A novel algorithm
using personal best, global best and another particle’s personal best with a maximum
fitness-to-distance ratio for updating a particle’s velocity is introduced in [105]. Another
variant using historical best position together with global best and nearest neighbour
is introduced in [106] as an adaptive learning PSO algorithm. Further, many unique
adaptive/ evolving strategies have been incorporated in PSO [107, 108, 109]. Human
cognition inspired PSO learning strategy is implemented in [110] where velocity update
is performed using social component only. Recently, many variants with different learning
strategies are introduced for providing better convergence towards global optimum like
teaching and peer learning PSO [37], orthogonal learning strategy for PSO [111, 112],
ageing mechanism transformed PSO [113], distance based locally informed PSO [114],
cellular PSO [115], quantum PSO [116] and a new fitness estimation strategy for PSO
[117]. Among different variants, few of the PSO variants have gained noticeable attention
due to their novel strategies and promising convergence characteristics like bare bones
PSO [118], unified PSO [119] and comprehensive learning PSO [35]. Next, the working

principles of the mentioned variants are discussed in detail.

e In the earlier variants of learning strategy update, the PSO algorithm was inves-
tigated by eliminating the velocity formula [118] referred to as bare bones particle
swarms. The work focussed towards searching for some strategies that can allow
PSO to work when some of its traditional features are eliminated. A gaussian
distribution based search space is utilized by bare bones PSO where swarm’s struc-
ture and search history are used for setting the mean and standard deviation. Each
particle finds its mean value by investigating in a region where its best value is
encountered and fly in the search space by adjusting its variance through neigh-

bourhood distance. Here, a particle’s position update rule in the j** component is
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given by
1 _ t ot
zi; - = N(pij045) (2.17)

where N is the normal distribution with

t _ Dij — Dgj
Hij = 5
055 = |Pij — Pgjl
Hence, the strategy of exploration is implemented in the early stages of the algo-

rithm since each particle’s best position are far from each other. The exploitation

process is allowed in the later stages because of the neighbourhood interaction.

e The individual influence of global and local components in PSO were investigated
in [119] and a unification factor was introduced to combine the influences together
in an efficient manner. This strategy provides a unified composite version of PSO
called as Unified Particle Swarm Optimization (UPSO) where the exploration and
exploitation capabilities of global and local variants are combined. The velocity

update equations in global and local PSO are defined as
Gi(t + 1) = x[vi(t) + @1ri(p; — x:(t)) + Para(py, — xi(t))] (2.18)

Li(t +1) = x[vi(t) + @1ri(ps — 2i(t)) + Pora(pr — 2:i(1))] (2.19)

where G;(t+ 1) is the velocity update equation for global PSO variant and L;(t+1)
is the corresponding velocity update for the local variant. p, represents the best
position among entire swarm and p; is the local best position in the neighbourhood.
UPSO scheme is the combination of these two search directions in a single equation

as

Ui(t+1) =uG(t+ 1)+ (1 —u)Li(t + 1) (2.20)

and finally the position is updated using
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where u € [0,1] is a parameter called the unification factor, used to determine
the influence of global and local components. If v = 1, UPSO becomes global
PSO variant and if u = 0, it becomes local PSO variant. The trade-off between
exploration and exploitation of particles has been successfully handled by UPSO

and much better convergence is provided on selected problems.

e A novel strategy for providing comprehensive learning capabilities to the particles
for solving complex multi-modal functions was proposed in [35] as Comprehensive
Learning PSO (CLPSO). This novel strategy updates a given particle’s velocity
using all other particles’ personal best information. Here, each dimension of a
given particle can learn from different particles’ best dimensions. This helps in
retaining a particle’s diversity and hence avoiding premature convergence as any of
the particle stuck in a local optima can learn from other particles and eventually

escape the local optima. The strategy is mathematically represented as
Vit =wVig + CT(P;i(d) — Xia) (2.22)

where fi(d) defines which particles’ personal best is used by particle ¢ which can ei-
ther be its own dimension or any other particle’s dimension. A learning probability

P. is used to decide fi(d) such that

(eap(2=D) 1)
exp(10) — 1

P. = 0.05+ 0.45 * (2.23)

where p; is the swarm size. Random number r is generated in each dimension and
if P. > r the particle learns from another particle’s dimension otherwise it learns
from its own dimension. CLPSO has been widely accepted because of its simplicity

and ease of implementation [120, 121].
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2.3 Limitations in Existing PSO Variants

Some PSO variants have gained a lot of attention and acceptance by the research commu-
nity, due to their successful novel PSO schemes which have exhibited great performance
improvements. Comprehensive review of PSO variants is available in [122]. A summary
of seven such algorithms used for comparative analysis of the proposed algorithm is pro-
vided in Table 2.1. Most of the PSO variants discussed in the literature have provided
much better convergence characteristics on selected problems. All the existing variants
proposed in the literature have tried to address the limitations of an old variant and
successfully overcame them. Almost all of these variants have followed the collective be-
haviour of a swarm of creatures which do not possess any self-regulatory mechanism. This
has always limited the performance of the particles. These limitations can be addressed

by exploring the human learning principles for effective search.

In this chapter, a comprehensive survey of the standard PSO algorithm and some
state-of-the-art PSO variants available in the literature have been discussed. Further,
limitations in the existing PSO variants have also been discussed to highlight the scope of
future research in the algorithm. Hence, a new research direction of incorporating human
learning principles inspired learning strategies in PSO for achieving better convergence
towards the global optimum in multitude different problems is provided in the next

chapter.
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Chapter 3

Self-Regulating Particle Swarm
Optimization Algorithm

In the previous chapter, a complete survey on particle swarm optimization algorithm
has been presented. In the past two decades, PSO has been extensive researched for
better convergence towards the optimum solution. All the research areas discussed in
the previous chapter have focused towards improving the convergence characteristics. As
discussed earlier, human beings are known to be intelligent, possess better decision mak-
ing abilities and efficient problem solving skills. In human cognitive psychology, better
planners are regarded as those who continuously regulate their strategies with respect to
their current status and perception on their past experiences. This help them to properly
adjust their future directions. Inspired from these human self-learning capabilities, this
chapter provides a new variant of PSO algorithm incorporating human self-regulation
and self-perception strategies. The algorithm is names as the Self-Regulating Particle

Swarm Optimization (SRPSO) algorithm.

3.1 Basic Concepts of Human Learning Principles

The learning process adopted by human beings consists of several learning principles.
According to the human learning psychology [1], it has been shown that human beings

possess multiple hierarchical inter-related layers of information processing. This helps one
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to perform better self-regulation of the cognitive strategies and hence enhance the decision
making abilities. A better planner is one who continuously monitors his performance and
adopts the best learning strategies. An effective learner adopts strategic learning process
through planning and selection of appropriate learning strategies.

Human learning principles are basically constructed on the idea of learning with un-
derstanding. All the learning strategies adopted by human beings during the learning
process is strongly advocated by the understanding of environment. Studies in human
learning suggest that the maximum outcome is achieved through learning with deep
conceptual understanding [123]. This facilitates the learning process by providing such
strategies that identify, monitor and regulate the entire process. Further, the learning
process is enhanced through socially shared information processing. Learning with un-
derstanding means that an individual is continuously interacting with the environment
and monitoring his performance through proper regulation of his knowledge and skills.
This provides the individual with capabilities of taking intelligent decisions for achieving
the desired goals.

The Nelson and Naren’s model provides a general framework for integrating the hu-
man regulatory processes using the interactive process of monitoring and control [1]. This
interactive process effectively controls the acquisition of knowledge as well as its reten-
tion and retrieval [124]. This framework consists of a meta-cognitive component and a
cognitive component interlinked with each other through flow of information. Accord-
ing to this framework, human beings think about their cognitive processes and improve
their cognitive skills through development of new strategies and evaluation of acquired
information. The pictorial representation of proposed basic framework is shown in figure
1.1 in chapter 01. The upper layer in the model is called the meta-cognitive layer which
consists of the dynamic model of the lower layer called the cognitive component. The
two layers communicate with each other through flow of information. The direction of

flow of signal between the two components describes the relationship between them. The
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flow of information from the meta-cognitive component to the cognitive component is
the "control’ signal which is used to modify the cognitive component. The control signals
can change the state of the cognitive component or even the cognitive component itself.
The flow of information from the cognitive component to the meta-cognitive component
is the 'monitor’ signal which is used to inform the meta-cognitive component about the
current state of the cognitive component. Based on this information, the meta-cognitive

component decides the future states of the cognitive component.

3.2 Self-Regulating Particle Swarm Optimization Al-
gorithm

3.2.1 Incorporating the human learning concepts in PSO

The Nelson and Naren’s model for integrating the human learning processes as discussed
in the previous section has been adopted in this study. The model is well-suited to de-
velop a human learning based PSO algorithm as the control and monitoring interface
between the two layered framework will provide a decision making mechanism. This
will result in incorporating intelligent swarms’ concept in the PSO algorithm. The hu-
man learning principles based PSO framework, analogous to the Nelson and Naren’s
model is shown in figure 3.1. The intelligent PSO framework consists of two inter-related
components: the basic PSO is the cognitive component and the decision maker is the
meta-cognitive component. The decision maker has been incorporated to decide the fu-
ture step for the particles by providing them the appropriate ’'learning strategy’ based
on their performance. The performance will be continuously monitored through perfor-
mance monitoring’ signals.

Self-regulative learning strategies adopted by human beings are considered to be
highly efficient in controlling the learning process. These learning strategies enable them
to properly plan the future steps by selecting the appropriate set of skills. Hence self-

regulating learning strategies provides the self-awareness and expert learning capabilities
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Decision Maker

Performance
Monitoring

Learning
Strategies

Particle Swarm
Optimization

Figure 3.1: Analogous Nelson and Naren’s model for Human Learning Principles based
PSO

to the learners. This helps the learners to manage their learning throughout the learning
process and rectify their deficiencies for achieving the desired goals. In this thesis, inspired
from the self-regulating strategies of human learning principles, two main strategies in
the basic PSO algorithm for enhancing its search capabilities have been introduced. The

two strategies are:
i Self-regulating inertia weight,
ii Self-perception of global search direction.

The first strategy has been introduced for the best particle. During the search process,
the best particle will perform the self-regulation of its inertia weight. In this strategy, the
particle will be given a higher acceleration of its exploration process through an increased
inertia weight. During the accelerated search process, the best particle will only perform
exploration of the search space and therefore the search will be performed without any
interaction with the other particles. It is to be noted that the strategy is only for the

best particle, the particle using this strategy will return to the normal search process (the

34



CHAPTER 3. THE SRPSO ALGORITHM

linearly decreasing inertia weight)as soon as it loses the global best position. The strategy
is inspired from the human self-cognition during the learning process. According to self-
cognition, if it is confirmed that an individual is the best from everyone in a particular
direction guiding him towards the desired goals then he will accelerate quickly following
the same direction without much consideration of the social/self-experience. The strategy
is purely based on human self-awareness of the surroundings. For example, during a race,
if a person at any known position finds himself at the leading position as compared to
others, he will start running in the same direction as fast as possible.

The second strategy has been introduced for all the other particles except the best. In
a given iteration, the best particle uses his direction as the best direction for the search
process. Hence, it is not influenced by any previous self/social experiences. All the other
particles, find the appropriate direction in the current iteration using their perception
on the global best direction. According to this strategy, particles will follow only those
directions from the global best where they have confidence. This strategy is purely
based on human perception about himself and his social peers. The best in the group
has a very high self-confidence and he is not concerned about his past self-experiences
and socially shared information. His perception is always declined towards his current
status, neglecting all the previous self/ social experiences. On the other hand, someone
who is not the best has a different perception about his self and social experiences. An
individual will try to improve his skills by rectifying his deficiencies through monitoring
his previous experiences. He will believe in his previous best experience and must have
a certain amount of belief on his social peers to learn in a better way.

Incorporating the above-mentioned concepts from the human learning principles, a

general equation for the velocity update in the SRPSO algorithm is given by
Vgt = wiVig + exrpli(Ply — Xig) + corapig(Prg — X1y) (3.1)

where w; is the inertia weight of i** particle which is self-regulated by the best particle.

p;g is the perception for the self-cognition and p:7 is the perception for the social cognition
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and they are defined as

se 0, for best particle
Pia = : (3.2)
1, otherwise
and
so 0, for best particle
Pig = { . (3-3)
v, otherwise

where 7 is either 0 or 1 depending on the threshold value for defining the confidence. In

the next section, the proposed two strategies are described in detail.

3.2.2 Self-regulating inertia weight

In the literature of PSO, it has been clearly stated that inertia weight is an essential
part of the velocity update equation [73, 125, 33]. For the PSO algorithm, to perform
well it is essential that there is a balance between exploration and exploitation processes.
Inertia weight plays a vital role in controlling these processes. Previous studies suggest
that there is a lot of potential in applying different settings for the inertia weight, thereby
yielding favourable results through certain settings for real-world problems [68, 67].

In this thesis, a new strategy for the best particle has been introduced, named as self-
regulating inertia weight. According to this strategy, the particle achieving the global
best position at any given time during the search process will perform self-regulation
of its inertia weight i.e. it will start linearly increasing the inertia weight. This will
help the particle to deeply explore the solution it has found by accelerating its search
towards the global optimum. As stated earlier, the basic idea behind this strategy is
taken from the best learner and accordingly, particle achieving the global best position
at any instance believes in his direction and accelerates in the same direction in search of
global solution. At the same time, all the other particles follow the standard procedure
of linearly decreasing the inertia weight to have balance between their exploration and

exploitation of the search space. The self-regulating inertia weight strategy is defined as

Wi — {wi<t) + nAw, for best particle (3.4

wi(t) — Aw,  otherwise
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L (Nper is the number of iterations, w;

where w; () is the current inertia weight, Aw = -

and wy are the initial and final values of inertia weight respectively) and 7 is the constant
to control the rate of acceleration. In our simulation, after testing for different values,
the rate is set as 1 which is providing better solutions in most of the test problems.

The pictorial view of self-regulating inertia weights experienced by particles during
the search process is presented in figure 3.2. In the figure, three particles 'a’, ’b” and ’c’
are selected for a minimization problem for illustrating the strategy clearly. For these
three particles, the fitness curves and inertia weights are plotted for 1000 iterations.

Particle a: The particle is represented by dashed red lines in the figure. At the start
of the search process, this particle has the lowest fitness value and hence it is the best
particle. According to the self-regulating inertia weight strategy, if a particle possess a
best fitness value at any point during the search then it will linearly increase its inertia
weight. From iteration 0 to 200, this particle has the best fitness value. Therefore, as
clearly indicated in the figure, the inertia weight for the particle is linearly increasing.
Afterwards, from 200 to 400 iterations, the particle is not best and therefore it follows
the standard procedure of linearly decreasing inertia weight. After 400th iteration, the
particle regains the best position and again it searchs utilizing the self-regulating inertia
weight strategy.

Particle b: The particle is represented by black line in the figure. From start till
200th iteration, the particle is not the best and therefore it follows the standard search
procedure with linearly decreasing inertia wight. From 200 to 400 iterations, it has taken
over the best position from particle 'a’ and became the best particle. For this duration, it
performs self-regulation of its strategy to search with a linearly increasing inertia weight.
Further, when it losses the best position, it again follows the standard procedure of
linearly decreasing inertia weight till the time it becomes the best particle.

Particle c: The particle is represented by dashed orange line in the figure. This par-

ticle demonstrates the behaviour of such a particle that never achieves the best position
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Figure 3.2: The inertia weight update strategy

(best fitness value) in the entire search process. Such a particle will always follow the
standard procedure of linearly decreasing inertia weight. In the figure, one can clearly

see that the inertia weight of this particle is linearly decreasing throughout the iterations.

3.2.3 Self-perception of global search direction

When humans interact with each other they generate certain perception about others
[124]. Tt is in human cognition that we do not fully trust others and this trust decides
the amount of information we want to take and adopt from others. It has been shown
in human psychology [126] that the best planners have a better perception over their
actions which strongly impact their decisions. They regulate their strategies and plan
their actions accordingly. Further, they collaborate with other for information sharing

[127]. On the other hand, people interacting with the best planners always have a varying
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perception, based on which they collaborate. This perception helps them to regulate
their action towards achieving the goal [1]. Based on these finding, the velocity update
strategy of all the other particles has been kept different from the best particle. Inspired
by human socially shared interactive learning strategy, a new learning strategy for all the
other particles has been introduced. In this strategy, the best particle will only follow his
direction without any self or social exploitation. All the other particles will perform full
self-exploitation and partial social exploitation by taking information according to their
perception in the global search direction.

In the self-perception strategy, the best particle will have negligible perception on
self and social exploitation and his perception will only guide him towards exploration.
Therefore, p;5 and pjJ in equation 3.1 is set to zero. The self-perception strategy for all
the other particles is implemented as full self-exploitation and partial social exploitation.
In social exploitation, a uniform random number within the range [0, 1], a ~ U(]0, 1]) for
all the directions of the global best position is generated and the threshold (\) value is
set at 0.5 for selection of any direction. If a randomly generated number in any direction
of the global best position is greater than 0.5, the direction will be selected from the
global best position.

It is evident that for achieving better convergence, the particles must have social
cognition. The amount of social cognition must be selected intelligently to achieve desired
outcome. If one employs full social cognition, all the particles will follow the best particle
and the result will be biased towards the global best position reached at a particular
iteration. It is possible that the global position at that particular iteration may not be
the global optimum solution. While following the best particles, all the particles will
converge to that particular point and this may lead to premature convergence. Similarly,
if a much higher threshold value is selected, then there will be very low social cognition.
All the particles will keep flying in their own directions and the one reaching the best

position will not be able to call others to the same position. There will be lack of socially
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Perception at Perception at
iteration n iteration n+1

All arrows represent search directions and among them,
the red arrows are self-perception based selected
directions

Figure 3.3: Self-Perception of Search Directions strategy

shared information which may leads to diversity loss of the swarm. Hence, in order to
perform a balanced social exploitation together with effective exploration 0.5 is selected
as the threshold value. The perception of a particle is dynamically changing over time
as the selected directions from the global best will keep changing in every iteration.
Figure 3.3 provides a pictorial view of selection of directions by a particle using the
self-perception strategy. In the figure, all the arrows are representing the search directions
and among them, all the red arrows are those directions which are selected by the particle
using the self-perception strategy. It is clearly illustrated in the figure that the selected
directions in an iteration is different from those selected in the previous iteration as
represented by red arrows for iteration n and iteration n+1. The social perception of a

particle is given by
1, ifa>A

. . (3.5)
0, otherwise wherei = 1,2,....m

so __
Piqa =

The self-perception influences the particles’ search directions significantly, i.e. the best
particle assumes that his direction is the best and discards the social and self-knowledge.

Hence, its social (pi9) and self (piS) perceptions are set to zero. The self-perception for
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the rest of the particles is set to 1. Hence, other particles use self-cognition and partial
social cognition for velocity update. The self-perception in global search direction reduces
the risk of particles attracted to local optima.

The velocity update equation for best particle is given by
VER = w Vi (i = best) (3.6)
and for all the other particles is represented as
Vid = wiVig + exra(Pig — Xig) + carapi (P — Xjg) (3.7)
3.2.4 The SRPSO Pseudo-code

Incorporating the two proposed strategies, the pseudo-code for SRPSO is summarized in

Algorithm 2.

3.3 Experimental Setup, Results and Discussion

This section provides the empirical assessment of the SRPSO algorithm. Performance
has been evaluated on the standard CEC2005 benchmark problems [59] and compared
with other well-known PSO variants. The comparison also includes statistical and com-
putational complexity analysis.

This section is organized as follows:

i Brief description of the selected CEC2005 benchmark problems,
ii Impact of self-learning strategies on PSO,

iii Performance evaluation of SRPSO on CEC2005 benchmark problems compared with
other PSO variants,

iv Ranks based analysis of the selected algorithms,
v Statistical comparison,

vi Computational complexity analysis.
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Initialization:

for each particle i do
Randomly initialize the position X; in the search range (Xmin, Ximaz)
And randomly initialize velocity V;

end

Calculate their fitness values;

Find their personal best position;

The SRPSO Loop:

while (success= 0 and t < max__iterations) do
Find the Particle with the best fitness value;

Assign this position to global best;

for the best particle do
Calculate the inertia weight w using equation 3.4;
Update the velocity using equation 3.6;
end
for the rest of the particles do
for j =1 : Dimension do
Generate the uniform random number a;
if (a > 0.5), then

Select the directions from global best position

else
Neglect the directions

end
end
Update the velocity using equation 3.7;
end
Update the position of each particle using equation 2;
end

Algorithm 2: The SRPSO Algorithm

3.3.1 Benchmark functions

In May 2005, Suganthan et al. introduced a problem definition and evaluation criteria on
real parameter optimization for systematic comparison of optimization algorithms [59].
A set of 25 benchmark functions with common termination criteria, problem dimensions
and initialization schemes were introduced in the special session termed as CEC2005.
The CEC 2005 benchmark functions [59] broadly fall into four different groups (based

on their properties):

i Unimodal (F; - Fy),
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ii Basic Multimodal (Fg - Fi),
iii Expanded Multimodal (Fy3 and Fi4) and
iv. Hybrid Composition (Fi5 - Fas).

To test the robustness and efficacy of any optimization algorithm, the global optimum
of all the benchmark functions are shifted as 0 = [01,09,- - ,0p]. The functions are
either shifted or shifted and rotated to make the function more complex and hard to
solve. The shifted functions are defined as z = x-o0 and the shifted rotated functions
are defined as z = (x-0)*M where M is the transformation matrix for the rotating
matrices. The hybrid composition functions are the most complex functions that are
designed by selecting different basic unimodal and multimodal functions without shift or
rotation properties. Then, all these functions are shifted/ shifted rotated to new optimum
positions. A brief overview of the benchmark functions is provided in the Appendix. All

the details about the functions can be found in [59].

3.3.2 Impact of self-learning strategies on PSO

This section provides an insight of the impact of the proposed learning strategies, self-
regulating inertia weight and self-perception based selection of direction, on the conver-
gence characteristics of the standard PSO algorithm. The impact is illustrated in figure
3.4 using a comparison among performances of PSO, CLPSO and SRPSO. In the figure,
the performance on a function from each group is presented where the blue line with
triangle marker presents the PSO algorithm, green line with a star marker presents the
CLPSO algorithm and the red line with circle marker represents the SRPSO algorithm.
All the algorithms has been tested using the same parameter settings as w = [1.05 -
0.5], 1 = ¢ = 1.49445, swarm size = 40, dimension = 30 and V,,,, = 0.1 * Range.
The algorithms have been evaluated 25 times and the plot for median performances are

presented in the figure.
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Figure 3.4: Impact of Self-Learning strategies

Figure 3.4 contains four graphs of Log(F(x)-F(x*)) plotted against iterations for each
function; one unimodal function F3, one multimodal function Fg, one expanded multi-
modal function Fi4 and one hybrid composition function Fos. In all the functions, one
can easily see that PSO has converged to a point far away from the optimum solution.
In comparison to PSO, CLPSO has shown better convergence characteristics towards
the optimum solution in all the four functions. On the other hand, with the help of
human self-learning principles, the SRPSO algorithm has provided faster convergence
much closer to the true optimum solution in all the functions. Similar observations have

been made on all the benchmark functions.
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3.3.3 Selected PSO algorithms and parameter settings

For a comparative analysis, the following widely accepted PSO variants by the evolution-

ary computing research community have been selected in this study.

i

ii

iii

iv

The constriction factor PSO (yPSO) algorithm [31]: The algorithm has pro-
vided a balance between the exploration and exploitation capabilities of the particles

and has effectively controlled the convergence.

The dynamic multi-swarm particle swarm optimizer (DMSPSO) algorithm
[89]: A novel concept of dynamically changing neighborhood in the search process has
been introduced in the algorithm that has provided much better convergence towards

the optimum solution compared to the fixed neighborhood search.

The fully informed particle swarm (FIPS) [32]: The algorithm introduced a
novel concept of search strategy for performance update during the search process.
Here, the particles perform search using a weighted sum of the neighboring particles

that resulted in better solutions on selected problems.

The unified PSO (UPSO) algorithm [119]: The algorithm combines the local and
global search variants of PSO within a single algorithm to enhance the convergence
characteristics. Through efficient utilization of both the algorithms, UPSO has proved

to be a competitive PSO variant.

The comprehensive learning particle swarm optimization (CLPSO) algo-
rithm [35]: The algorithm is one of the most promising PSO variant widely accepted
by the evolutionary community proven to be an efficient algorithm in accelerating
the convergence towards the optimum solution. Compared to other variants of PSO,

CLPSO searches more potential regions of the search space to find the global optima.

The parameter settings and the experimental setup for the selected PSO variants are:
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e Parameters: ¢ = 4.1, x = 0.72984, w = [0.9-0.4] and ¢; = ¢y = 2.05 [31, 35]
e Ring Topology for neighborhood using a radius of 2
e Function evaluations = 10*x D (D is the dimension)

All the experimental guidelines defined in the CEC2005 [59] evaluation criteria has
been followed for systematic performance evaluation of SRPSO. All the results for the
selected PSO variants are taken from [95]. the median, mean and standard deviation
fitness values for both the 30-dimensional (30D) and 50-dimensional (50D) problems are

reported. The SRPSO parameters are set as:

e Inertia weight w: initial value = 1.05 and final value = 0.5,
e Constriction factor c: ¢; = ¢p = 1.49445
e Swarm size = dimension

e Maximum velocity: V., = 0.1 * Range.

3.3.4 Experimental results and performance comparison

In this section, a comprehensive performance evaluation of SRPSO compared with the
well-known PSO variants on all the CEC2005 benchmark functions is presented. Follow-
ing the CEC2005 guidelines, experiments were conducted on 30D and 50D benchmark
functions.

The results for all the PSO variants including the SRPSO algorithm are provided in
the Tables 3.1, 3.2 and 3.3. Table 3.1 presents the median, mean and standard deviation
fitness values for all the algorithms on first 9 benchmark functions F; to Fg. Similarly, the
median, mean and standard deviation fitness values for the next 9 benchmark functions
Fip to Fig are presented in table 3.2. Finally, table 3.3 provides the median, mean and

standard deviation fitness values for the remaining 7 benchmark functions Fig to Fo5. As
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Table 3.1: Performance on 30D and 50D CEC2005 Benchmark Functions F; to Fy

. 30-Dimensional 50-Dimensional
Func. | Algorithm - -
Median Mean StD. Median Mean STD.
xPSO 5.328E+4-00 9.657TE+00 | 1.233E+01 | 5.328E+00 9.657TE+00 | 1.233E+401
DMSPSO 1.143E4-02 3.135E+02 | 4.149E+02 | 2.349E+02 3.870E+02 | 3.855E+02
FIPS 3.185E4-02 5.252E4+02 | 5.571E402 | 1.149E+03 1.673E4+03 | 1.524E+03
F1 UPSO 1.269E4-03 1.306E+403 | 7.328E+02 | 6.840E+02 7.100E4+02 | 3.290E+02
CLPSO 0.000E+-00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00
SRPSO 0.000E+-00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00
xPSO 0.000E+00 | 1.573E+401 | 8.112E+401 | 2.334E+02 7.774E+02 | 1.806E+403
DMSPSO 1.536E+-02 7.801E4+02 | 2.109E+403 | 3.311E+02 9.666E+02 | 1.409E+03
FIPS 1.460E+04 1.470E+04 | 2.316E403 | 2.633E4-04 2.5T4E+04 | 4.424E+03
Fa UPSO 6.688E+403 7.602E+03 | 5.290E+403 | 3.632E+03 4.220E+03 | 2.894E403
CLPSO 3.828E+02 3.828E+02 | 1.060E+02 | 1.013E+04 1.021E404 | 1.357E+03
SRPSO 0.000E+-00 | 0.000E+00 | 0.000E+00 | 5.870E-03 1.931E-02 1.639E-02
xPSO 3.491E4-06 1.020E407 | 1.336E+407 | 1.852E+07 1.988E+07 | 1.266E+07
DMSPSO 3.898E+4-06 5.623E+06 | 6.225E+06 | 8.835E+06 1.317E407 | 1.579E+07
FIPS 1.530E+07 1.945E4+07 | 1.109E407 | 5.586E407 5.867TE+07 | 2.346E+4+07
F3 UPSO 4.308E+07 5.303E+07 | 3.856E407 | 4.885E+07 5.340E+07 | 3.743E+07
CLPSO 1.204E4-07 1.188E+407 | 3.107E+06 | 5.084E+07 4.930E+07 | 1.161E4+07
SRPSO 1.038E+402 | 1.365E+402 | 2.199E+02 | 3.638E+402 | 3.927E+402 | 2.780E+02
xPSO 1.555E4-03 1.834E403 | 1.088E+4+03 | 2.813E+04 2.760E+04 | 1.007TE404
DMSPSO 2.945E+02 8.561E+02 | 1.292E+403 | 1.306E+04 1.343E+4+04 | 3.945E+03
FIPS 2.077TE+04 2.068E+04 | 3.107TE+03 | 3.355E+04 3.424E+04 | 3.850E+03
Fy UPSO 1.913E4-04 1.876E+04 | 6.086E+03 | 1.353E4-04 1.449E+04 | 4.462E+03
CLPSO 5.481E+03 5.396E+03 | 1.250E+03 | 3.477E+04 3.428E+04 | 5.637TE+03
SRPSO 2.349E+401 | 3.205E4-01 | 1.145E401 | 2.373E+403 | 2.559E+03 | 8.771E+02
xPSO 7.886E+4-03 8.101E4+03 | 1.210E4-03 | 1.127TE+04 1.117E404 | 1.975E+03
DMSPSO 4.368E+03 4.261E4+03 | 1.873E403 | 5.311E+03 5.533E+03 | 1.449E+403
FIPS 1.164E+04 1.174E404 | 1.393E+403 | 1.594E-+04 1.589E+04 | 1.147E+403
Fs5 UPSO 1.268E4-04 1.282E+04 | 2.288E+403 | 1.177E+04 1.207E+04 | 2.304E+03
CLPSO 4.011E+03 4.001E+03 | 4.276E+02 | 9.753E+03 9.698E+03 | 7.903E+402
SRPSO 1.983E+03 | 2.134E+403 | 2.741E402 | 3.646E+03 | 3.725E+03 | 5.784E+02
xPSO 3.602E4-02 1.170E403 | 1.790E+03 | 3.979E401 6.37T0E+06 | 2.129E+07
DMSPSO 2.226E4-06 2.721E+07 | 7.289E+07 | 2.226E+06 1.768E+07 | 4.103E+07
FIPS 9.832E+06 2.457TE4+07 | 3.493E407 | 6.483E407 8.021E+07 | 6.118E+07
Fg UPSO 6.826E+4-06 1.187E407 | 1.355E407 | 1.160E+06 2.731E4+06 | 3.667TE406
CLPSO 7.369E+00 | 1.779E+401 | 2.285E+01 | 8.998E+01 8.7056E+01 | 3.757E+01
SRPSO 2.375E+01 2.446E+01 | 5.738E+00 | 3.547E+01 | 5.754E+01 | 3.313E+401
xPSO 6.788E403 6.780E+03 | 1.291E4+02 | 6.158E+03 6.154E+03 | 7.416E+401
DMSPSO 4.297TE+03 4.335E+03 | 2.190E+02 | 6.029E+03 6.050E+03 | 1.312E+4-02
FIPS 7.507E+4+03 7.477E4+03 | 2.158E+02 | 1.037E404 1.036E+04 | 2.122E402
Fr UPSO 7.513E4-03 7.524E4-03 | 3.409E+02 | 7.419E4-03 7.420E4+03 | 3.034E+02
CLPSO 4.696E+03 4.696E+03 | 1.837E-12 | 6.195E+03 6.195E4+03 | 4.594E-12
SRPSO 4.452E-03 | 6.263E-03 | 4.521E-03 | 4.396E-01 | 5.197E-01 | 1.757E-01
xPSO 2.090E+01 2.090E+01 5.354E-02 2.114E+401 2.113E+01 4.368E-02
DMSPSO 2.093E4-01 2.093E+01 6.189E-02 2.113E+401 2.113E+01 3.770E-02
FIPS 2.095E+4+01 2.094E+01 6.409E-02 2.115E401 2.114E+01 4.304E-02
Fs UPSO 2.096E4-01 2.095E+01 | 5.009E-02 | 2.094E+-01 | 2.093E+401 | 5.023E-02
CLPSO 2.072E+401 | 2.072E+4-01 | 5.905E-02 2.1056E+01 2.104E+01 4.617E-02
SRPSO 2.090E+01 2.091E401 3.948E-02 2.114E+401 2.113E+01 2.862E-02
xPSO 6.517E+4+01 6.543E+01 | 1.239E401 | 1.782E+02 1.765E402 | 2.498E+01
DMSPSO 4.524E+01 4.848E+01 | 1.499E401 | 1.006E+02 9.893E+01 | 2.169E401
FIPS 5.401E+01 5.395E4+01 | 1.097E401 | 1.550E+02 1.530E+02 | 1.791E+01
Fg UPSO 7.719E+401 7.839E4+01 | 1.689E+401 | 6.326E+01 6.520E+01 | 1.764E+401
CLPSO 0.000E+-00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00 | 0.000E+00
SRPSO 2.179E+01 3.003E+01 | 5.521E+00 | 8.457E+01 8.610E+01 | 1.707E+401
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discussed earlier, the CEC2005 benchmark functions fall into four different categories, in
this evaluation the performance on each category is discussed next.

Performance on Unimodal Functions (F; to Fj5): The results for the unimodal
functions are presented in table 3.1. From the table, it can be seen that the performance
of SRPSO is better than all the selected variant in all the unimodal functions. In both the
mean and median performances, the performance of SRPSO is several orders better than
the other algorithms. In function F;, the SRPSO and CLPSO algorithms have converged
to the optimum solutions in both the 30D and 50D cases. In function Fs, only SRPSO
has converged to the optimum solution in the 30D case. Also it has provided better
results several orders less than the other algorithms in the 50D case. The performance of
SRPSO in both 30D and 50D functions is several orders better than the other algorithms
for F3 and F, where all the algorithms are producing results in the range 10* to 107
and SRPSO is providing results in the range 10! and 10%. In function F5, DMSPSO,
CLPSO and SRPSO are all producing results in the same order and among them the
performance of SRPSO is better than the others. Based on these results, it can be
concluded that for both the 30D and 50D functions, SRPSO has provided better mean
and median performances and it has successfully outperformed all the other algorithms
by a significant margin. Hence, it may be inferred that SRPSO provides significantly
better solutions for unimodal functions.

Performance on Basic Multimodal Functions (Fg to Fi3): The results for
the basic multimodal functions are presented in tables 3.1 and 3.2. In the tables, it is
shown that SRPSO has achieved the best performances for both the 30D and 50D cases
in 4 out of the 7 functions. In function Fg, the performance of SRPSO and CLPSO
are several orders better than the other algorithms. Both CLPSO and SRPSO have
produced results in 10! range whereas all the other algorithms have a performance in
the range 10° to 10". Among CLPSO and SRPSO, CLPSO has the best performance

in 30D case whereas SRPSO has the best performance in 50D case. In function F7, the
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Table 3.2: Performance on 30D and 50D CEC2005 Benchmark Functions F;g to

Func. | Algorithm 30-Dimensional 50-Dimensional
Median Mean StD. Median Mean STD.

xPSO 8.756E+401 8.665E+01 | 1.850E+01 | 1.837E+02 1.816E+02 | 3.686E+01

DMSPSO 7.797E+4+01 7.999E401 | 2.003E+01 | 1.673E+402 1.662E+02 | 2.167E+01

FIPS 1.545E4-02 1.525E+02 | 2.533E+01 | 3.868E+402 3.928E+02 | 3.625E401

Fio UPSO 1.526E4-02 1.589E+02 | 5.514E+01 | 1.453E+402 1.442E+02 | 4.564E+01
CLPSO 8.008E+01 8.023E+01 | 1.495E401 | 2.183E+02 2.173E+02 | 2.000E+01

SRPSO 4.293E+-01 | 4.510E+4-01 | 6.807E+00 | 8.173E+01 | 8.690E401 | 2.589E+01
xPSO 2.802E4-01 2.797E+01 | 2.487TE+400 | 5.874E+01 5.817E+01 | 3.433E+00
DMSPSO 2.929E+01 2.903E4+01 | 2.259E400 | 5.795E+01 5.774E+01 | 2.256E400
FIPS 2.662E4-01 2.688E+01 | 2.641E400 | 5.363E+01 5.343E+01 | 3.789E+00
F11 UPSO 3.164E+01 3.140E+01 | 4.692E+400 | 2.910E+01 2.954E+01 | 4.439E+00
CLPSO 2.548E+401 2.526E+01 | 1.854E400 | 5.263E+01 5.268E+01 | 2.212E+00
SRPSO 1.177E401 | 1.120E+01 | 1.002E400 | 2.148E+-01 | 2.191E+01 | 3.150E+400

xPSO 1.128E4-04 1.872E+04 | 2.137TE+04 | 2.896E405 3.293E+05 | 1.922E+405

DMSPSO 5.375E404 7.843E404 | 6.836E+04 | 1.212E4-05 1.659E+05 | 1.461E+05

FIPS 4.679E+04 5.185E+04 | 3.213E+404 | 2.771E+05 2.929E+05 | 1.490E+405
Fi2 UPSO 7.752E+04 8.984E+04 | 5.430E+404 | 6.052E+04 7.135E4+04 | 4.785E+404
CLPSO 1.293E+04 1.324E+04 | 4.162E4+03 | 8.996E-+04 8.949E+04 | 2.001E+404

SRPSO 2.145E+03 | 2.448E+03 | 1.354E+03 | 9.657E+03 | 1.960E+04 | 8.888E+03
xPSO 5.389E4-00 5.691E4+00 | 1.775E400 | 1.471E+01 1.543E+01 | 4.475E+00
DMSPSO 9.962E4-00 1.127E+01 | 5.622E4-00 | 7.812E4-00 8.219E+00 | 2.218E+00
FIPS 9.604E+00 9.641E4+00 | 1.730E400 | 2.583E+01 2.638E+01 | 3.451E+400
Fis UPSO 8.489E+-00 9.231E4+00 | 4.563E4-00 | 6.236E+00 6.478E+00 | 2.102E4-00
CLPSO 1.979E400 | 1.888E-+400 | 3.977E-01 7.093E4-00 7.074E400 | 6.947E-01

SRPSO 1.533E4-00 | 2.270E4+00 | 9.308E-01 | 4.778 E+00 | 4.732E+00 | 7.309E-01

xPSO 1.211E401 1.205E+01 | 4.311E-01 2.193E4-01 2.190E+01 | 4.937E-01
DMSPSO 1.212E+401 1.207E+01 | 6.594E-01 2.246E+01 2.241E+01 | 2.289E-01

FIPS 1.237E+01 1.234E+01 | 3.198E-01 2.196E+01 2.190E+01 | 3.078E-01

Fi4 UPSO 1.289E+01 1.283E+01 | 4.178E-01 | 1.282E+01 | 1.274E+01 | 4.817E-01
CLPSO 1.248E+01 1.248E+01 | 3.051E-01 2.214E4-01 2.212E+01 | 2.642E-01

SRPSO 1.187E401 | 1.117E+01 | 2.554E400 | 2.095E+01 2.084E+01 | 5.508E-01

xPSO 4.036E+02 3.929E4+02 | 8.708E401 | 4.513E+02 4.198E+02 | 8.718E+401

DMSPSO 5.105E+4-02 5.222E402 | 8.016E+401 | 3.694E+02 3.778E+02 | 6.679E401

FIPS 4.536E+02 4.556E+02 | 8.414E401 | 5.175E+02 5.174E+02 | 5.406E+01

Fis UPSO 5.373E+4-02 5.305E4+02 | 9.060E+4-01 | 5.087E+02 4.843E+02 | 1.137E+02
CLPSO 4.116E4-01 | 5.623E+4+01 | 5.212E+01 | 1.301E+02 | 1.422E+4+02 | 5.276E+01

SRPSO 3.330E+02 3.050E+02 | 9.521E401 | 2.970E+02 2.929E+02 | 9.531E+01

xPSO 1.512E+02 1.867E+02 | 1.055E+02 | 1.679E402 1.872E+02 | 5.268E+01

DMSPSO 2.250E+4-02 2.916E+02 | 1.683E+402 | 1.419E+02 1.670E+02 | 8.193E+01

FIPS 3.271E+02 3.414E+02 | 1.081E+402 | 3.227E-+02 3.296E+02 | 6.967E401

Fi6 UPSO 3.827E+402 3.865E4+02 | 1.416E4-02 | 2.909E+02 3.287E+02 | 1.336E+402
CLPSO 1.413E4-02 1.453E+402 | 3.171E+01 | 1.967E+02 1.969E+02 | 3.751E+01

SRPSO 1.030E+4-02 | 1.372E+02 | 1.059E+01 | 7.647E+01 | 1.263E+02 | 1.070E+02

xPSO 1.881E+02 2.136E+02 | 8.914E+401 | 2.834E+02 2.890E+02 | 7.083E+401
DMSPSO 2.300E+4-02 2.988E+02 | 1.675E402 | 2.163E+02 2.413E4+02 | 7.257E401

FIPS 4.333E+02 4.502E+02 | 1.420E+402 | 4.371E+02 4.576E+02 | 9.022E401

Fi7 UPSO 3.486E4-02 3.875E4+02 | 1.322E4-02 | 3.100E+02 3.497E+02 | 1.259E+402
CLPSO 2.084E4-02 2.134E+02 | 3.624E+401 | 2.767E+02 2.822E+02 | 3.860E4-01

SRPSO 1.507TE+402 | 1.802E+402 | 2.945E+01 | 1.569E+02 | 1.929E+402 | 1.045E+402

xPSO 9.746E+02 9.388E+02 | 7.088E+01 | 9.376E+02 9.392E+02 | 8.816E+400

DMSPSO 9.249E4-02 9.372E4+02 | 3.011E401 | 9.300E+02 9.334E+02 | 1.156E401

FIPS 1.055E4-03 1.052E+03 | 2.219E+01 | 1.070E+4-03 1.069E+03 | 1.346E+01

Fis UPSO 1.051E+03 1.047TE+03 | 3.627E+01 | 1.035E403 1.033E+03 | 3.041E+01
CLPSO 9.132E+4-02 8.993E+02 | 7.031E+401 | 9.430E+02 9.414E+02 | 1.894E+01

SRPSO 8.543E+02 | 8.451E+02 | 3.292E+01 | 8.460E+02 | 8.459E+02 | 1.347E+00

F18
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mean deviation of all the algorithm from the global optimum is in order of 10® in both
30D and 50D cases. The performance of SRPSO here is exceptionally well compared to
all other selected algorithms as it has converged closer to the optimum several orders
lower than others. The performance of all the algorithms is almost identical in both the
cases of function Fg, where CLPSO and UPSO are providing slightly better result in 30D
and 50D respectively. The performance of SRPSO has not been significantly better in
function Fg where CLPSO has outperformed all the other algorithms by reaching the
optimum solution in both 30D and 50D cases. Here, the mean deviation of SRPSO
is of the order of 10! similar to other algorithms. In functions Fiy to Fi2, SRPSO has
successfully provided the best results in both the 30D and 50D cases and it has converged
to a value one order lower than the other algorithms. Overall, it has been observed that
SRPSO performs better in the 50D case, successfully providing better results in 5 out of
the 7 functions. Further, in 30D case the performance of SRPSO and CLPSO are almost
similar.

Performance on Expanded Multimodal Functions (F;3 and F14): The perfor-
mance on these two functions are mixed as shown in table 3.2. All the algorithms have
exhibited similar performances by providing results in the same order. Among them,
SRPSO is better in 30D case of function Fi4; and 50D case of function Fi3. Further,
CLPSO and UPSO have provided better results 30D case of function Fi3 and 50D case
of function F14 respectively.

Performance on Hybrid Composition Functions (Fi5 and Fa5): Tables 3.2
and 3.3 contains the results for the hybrid composition functions. From the table, one
can see that the performance of SRPSO is better in both 30D and 50D cases compared
to all the selected algorithms in functions Fig, F17, Fig, Fig, Foo and Fa5. Also SRPSO
has performed similar to the best algorithm in function Fy;. It should be noted that for
both the 30D and 50D cases, all the selected algorithms are providing solutions in the

same range in all the hybrid composition functions with a few exceptions. Among them,
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the performance of SRPSO and CLPSO are marginally better than others. In the case of
function Fy5, CLPSO has the best performance in both cases followed closely by SRPSO.
In function Fas, SRPSO has shown better performance on 30D whereas DMSPSO has
provided the best solution in 50D case. The performance of CLPSO is better than other
on functions Fa3 and Fyy followed by SRPSO, yPSO and DMSPSO respectively. Based
on these results, it can be concluded that the performance of SRPSO is better than
other selected PSO variants on the hybrid composition functions followed by the CLPSO
algorithm.

To summarize, from the results on the 30D and 50D CEC2005 benchmark functions
one can conclude that SRPSO better performance than other algorithms in all the four
groups of functions. Furthermore, the performance has been exceptionally well on a few
functions (Fa, F3, Fy, F7 and Fi3) where SRPSO has converged to a solution several
orders lower than the other algorithms. Furthermore, it has also been observed that the
SRPSO algorithms has provided solutions in the same order for both 30D and 50D cases
in 22 out of the 25 functions. This shows that the algorithm is robust over dimensionality
increase of a problem. Therefore, the performance of SRPSO on the entire 25 benchmark
functions can be termed as the best among all the other selected variants. As a whole,

the best performances are observed by SRPSO as follows:
e 30D Median Case: 19 out of 25 benchmark functions.
e 30D Mean Case: 18 out of 25 benchmark functions.
e 50D Median Case: 18 out of 25 benchmark functions.
e 50D Mean Case: 17 out of 25 benchmark functions.

Mixed behaviour has been observed by the other algorithms because of their charac-
teristics. Since CLPSO and DMSPSO are designed only for multimodal functions, their

performance is better only in those problems. Similarly, UPSO and yPSO perform well
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Table 3.3: Performance on 30D and 50D CEC2005 Benchmark Functions Fig to

Func. | Algorithm 30-Dimensional 50-Dimensional
Median Mean StD. Median Mean STD.
xPSO 9.761E+402 9.355E+02 | 6.813E4-01 | 9.346E-+02 9.383E+02 | 1.234E+01
DMSPSO 9.191E+02 9.328E+02 | 2.703E+401 | 9.297TE+02 9.315E+02 | 9.374E+400
FIPS 1.047TE+03 1.049E+03 | 1.873E4+01 | 1.070E4-03 1.070E403 | 1.603E+01
Fig UPSO 1.040E+03 1.049E+403 | 4.636E+01 | 1.027E403 1.028E+03 | 3.344E+01
CLPSO 9.140E+-02 9.102E+02 | 1.853E+401 | 9.435E+02 9.418E+02 | 1.317E+01
SRPSO 8.406E+02 | 8.376E+402 | 1.707E+01 | 8.455E+02 | 8.399E+402 | 5.761E+01
xPSO 9.756E+02 9.553E+02 | 5.665E401 | 9.371E+02 9.393E+02 | 1.197E+01
DMSPSO 9.281E+02 9.394E+02 | 2.991E401 | 9.299E+02 9.303E+02 | 8.262E+00
FIPS 1.049E+03 1.050E+403 | 1.811E4+01 | 1.062E4-03 1.065E403 | 1.335E+01
Fao UPSO 1.043E+03 1.044E+403 | 2.626E+01 | 1.027E4-03 1.026E+403 | 2.788E+01
CLPSO 9.132E+4-02 9.119E4+02 | 8.572E400 | 9.430E+02 9.438E+02 | 4.918E400
SRPSO 8.406E+02 | 8.330E+402 | 3.287E+01 | 8.761E+02 | 8.996E+02 | 1.273E+02
xPSO 5.098E+4-02 5.893E402 | 2.082E+02 | 1.018E+403 1.019E403 | 3.643E+00
DMSPSO 1.098E+03 1.037E+03 | 1.558E4+02 | 1.011E4-03 1.011E403 | 2.700E+00
FIPS 1.172E+03 1.093E403 | 1.633E4+02 | 1.209E4-03 1.196E403 | 5.787E+01
Fao1 UPSO 1.162E+03 1.021E403 | 2.099E+02 | 7.525E4-02 8.542E+02 | 2.499E+02
CLPSO 5.000E+02 | 5.000E4-02 | 0.000E4-00 | 5.000E+02 | 5.000E402 | 0.000E400
SRPSO 5.000E+02 | 5.000E+4-02 | 0.000E4+00 | 5.000E+02 | 5.233E+02 | 8.080E+01
xPSO 1.024E+03 1.026E+403 | 2.429E+401 | 9.095E4-02 9.149E+02 | 2.018E+01
DMSPSO 9.261E+02 9.344E+02 | 5.295E4-01 | 8.997E+402 | 9.059E+402 | 1.972E+401
FIPS 1.121E+03 1.126E+03 | 2.782E+01 | 1.200E+403 1.202E+03 | 2.191E+01
Fao UPSO 1.106 E+03 1.109E+03 | 4.488E+01 | 1.085E4-03 1.086E+403 | 4.747TE+01
CLPSO 9.603E+402 9.609E+02 | 1.477E401 | 9.912E+02 9.917E+02 | 7.240E400
SRPSO 5.191E+02 | 5.221E+402 | 1.098E4+01 | 9.072E402 9.081E+02 | 1.411E+401
xPSO 5.068E+402 5.277E4+02 | 1.018E+02 | 1.019E+403 1.019E403 | 3.335E+00
DMSPSO 1.097E+03 1.063E+03 | 1.192E+02 | 1.011E+403 1.011E403 | 2.830E+00
FIPS 1.177E+03 1.072E403 | 1.936E+02 | 1.210E+03 1.191E403 | 9.395E+01
Fas UPSO 1.156E+03 1.030E+403 | 2.002E+402 | 1.049E4-03 9.335E+02 | 2.551E+02
CLPSO 5.000E+02 | 5.000E4-02 | 0.000E4-00 | 5.000E+02 | 5.000E402 | 0.000E400
SRPSO 7.342E+02 7.881E402 | 9.033E+01 | 5.391E+402 5.779E4+02 | 1.101E402
xPSO 2.000E+02 | 2.000E+4-02 | 0.000E4+00 | 1.029E403 1.018E403 | 5.740E+01
DMSPSO 9.769E+4-02 9.851E+02 | 5.687E+401 | 1.025E+03 1.025E403 | 2.067E+00
FIPS 1.268E+03 1.254E403 | 5.409E+01 | 1.282E+03 1.283E+03 | 1.049E+01
Foy UPSO 1.141E+03 9.806E+02 | 3.183E402 | 5.298E+02 6.952E+02 | 3.888E+02
CLPSO 2.000E+02 | 2.000E4-02 | 0.000E400 | 2.000E+4-02 | 2.000E4-02 | 4.950E-03
SRPSO 2.080E+02 2.105E4+02 | 4.178E+00 | 2.200E+02 2.211E4+02 | 1.977TE400
xPSO 1.750E+03 1.750E403 | 7.509E4+00 | 1.682E403 1.682E403 | 5.316E+00
DMSPSO 1.639E+03 1.640E+03 | 8.368E+00 | 1.675E4-03 1.676E+403 | 4.880E+00
FIPS 1.780E+03 1.781E403 | 1.046E+01 | 1.866E+03 1.866E+03 | 7.076E+00
Fas UPSO 1.778E+03 1.778E+403 | 1.256E+01 | 1.769E4-03 1.771E403 | 1.389E+01
CLPSO 1.659E+03 1.659E+03 | 4.102E+00 | 1.701E403 1.702E4-03 | 2.610E+00
SRPSO 1.266E+403 | 1.256E+-03 | 6.399E400 | 4.612E+402 | 6.761E+02 | 4.020E402

F25

only in a few of the problems. To further analyse the performance deeply, a rank based

analysis followed by a statistical comparison has been performed and are presented in

the next sections.
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3.3.5 Rank based analysis

The mean and median performances of the algorithms on the set of benchmark functions
are ranked for determine the best performing algorithm. The algorithm producing the
lowest value on a particular function is given the best rank (rank 1) followed by ranking
in ascending order. The standard competition ranking scheme has been adopted for this
analysis. In competition ranking, equally performing algorithms are given the same rank
and the algorithm coming after them will get a rank with a gap i.e. if 3 algorithms get
rank 1 then the 4th algorithm will be assigned rank 4.

Rank based analysis of median performance for both 30D and 50D cases is presented
in table 3.4. The table contains individual ranking on benchmark functions for each
algorithm, the average rank for all the functions and the final overall rank. In both
the cases, one can see that SRPSO has consistently achieved the best rank most of the
time and has remained in the top 3 ranks throughout the experimentation. The only
exception is the 50D case for function Fy where SRPSO has fallen to 4th rank. Based on

the average rank, the following order of performance has been observed.

e 30D Case: SRPSO, CLPSO, yPSO, DMSPSO, FIPS and UPSO respectively.
e 50D Case: SRPSO, CLPSO, DMSPSO, UPSO, yPSO and FIPS respectively.

As stated earlier, SRPSO has achieved the best rank in 19 and 18 functions out of
25 functions for 30D and 50D respectively whereas CLPSO (the second best ranked
algorithm) has only achieved the best rank in 8 and 6 functions out of the 25 25 functions
for 30D and 50D respectively. This clearly highlights the efficiency and robustness of
SRPSO over other PSO variants.

Table 3.5 provides the rank based analysis of the mean performances for both 30D
and 50D cases. Similar to the median ranking, the algorithms here are also ranked
individually on the 25 benchmark functions. Using these ranking, the average ranks and

the final ranks are reported. The average ranks on the mean performances suggest a
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Table 3.4: Rank based analysis of Median performance for 30D and 50D Cases

Dim| Algo. Individual Ranking of Benchmark Functions Avg.
Fi Fo F3 Fy4 F5 Fg F7 Fg Fg Fi9F11 F12 F13 F14 F15 F16 F17 F1g F19 Foo F21 Foo Fog Fag Fo5 | RANK(R)
xPSO 3 1 2 3 4 3 4 2 5 4 4 2 3 2 3 3 2 4 4 4 3 4 2 1 4 3.04(3)
DMSPSO| 4 3 3 2 3 4 2 4 3 2 5 5 6 3 5 4 4 3 3 3 4 2 4 4 2 3.48(4)
FIPS 5 6 5 6 5 6 5 5 4 6 3 4 6 5 4 4 5 6 6 6 6 6 5 6 6 5.24(5)
30 UPSO 6 5 6 5 6 5 6 6 6 5 6 6 4 6 6 6 5 5 5 5 5 5 6 5 5 5.44(6)
CLPSO | 1 4 4 4 2 1 3 1 1 3 2 3 2 5 1 2 3 2 2 2 1 3 1 1 3 2.28(2)
SRPSO 1 1 1 1 1 2 1 2 2 1 1 1 1 1 2 1 1 1 1 1 1 1 3 3 1 1.32(1)
xPSO 3 2 3 4 4 2 3 4 6 4 6 6 5 3 4 3 4 3 3 3 5 3 4 5 3 3.8(5)
DMSPSO| 4 3 2 2 2 5 2 3 4 3 5 4 4 6 3 2 2 2 2 2 4 1 3 4 2 3.04(3)
FIPS 6 6 6 5 6 6 6 6 5 6 4 5 6 4 6 6 6 6 6 6 6 6 6 6 6 5.72(6)
50 UPSO 5 4 4 3 5 4 5 1 2 2 2 2 2 1 5 5 5 5 5 5 3 5 5 3 5 3.72(4)
CLPSO |1 5 5 6 3 3 4 2 1 5 3 3 3 5 1 4 3 4 4 4 1 4 1 1 4 3.2(2)
SRPSO 1 1 1 1 1 1 1 4 3 1 1 1 1 2 2 1 1 1 1 1 1 2 2 2 1 1.4(1)

similar outcome as that of the median ranking. From the table, one can easily infer that
SRPSO has performed much better than all the other algorithms. Based on the average

rank, the following order of performance has been observed.
e 30D Case: SRPSO, CLPSO, yPSO, DMSPSO, FIPS and UPSO respectively.
e 50D Case: SRPSO, CLPSO & DMSPSO, UPSO, yPSO and FIPS respectively.

Based on the above rank (both median and mean) studies, it is evident that SRPSO
performs better than the other PSO variants in all the 25 benchmark problems. The
rank based analysis has made it evident that SRPSO is a significantly better performing
algorithm on the set of benchmark function. Therefore, a statistical comparison has
been conducted to understand the significance of the performance of SRPSO over other

algorithms.

3.3.6 A statistical comparison

This section provides a statistical comparison to highlight the significance of SRPSO over
other selected PSO variants. For statistical comparison, the non-parametric Friedman
test on the average rank followed by the pairwise post-hoc Bonferroni-Dunn test [128]

has been conducted. Friedman test is a non-parametric statistical test, for testing the
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Table 3.5: Rank based analysis of Mean performance for 30D and 50D Cases

Dim| Algo. Individual Ranking of Benchmark Functions Avg.
Fi Fo F3 Fy F5 Fg¢ F7 Fg Fg Fi9Fi11 F12 F13 F14 F15 F16 F17 F1g F19 Foo F21 Foo Fog Fag Fo5 | RANK(R)
xPSO 3 2 3 3 4 3 4 2 5 4 4 3 3 2 3 3 3 4 4 4 3 4 2 1 3 3.16(3)
DMSPSO| 4 4 2 2 3 6 2 4 3 2 5 5 6 3 5 4 4 3 3 3 5 2 5 5 2 3.68(4)
FIPS 5 6 5 6 5 5 5 5 4 5 3 4 5 4 4 5 6 6 5 6 6 6 6 6 6 5.16(5)
30 UPSO 6 5 6 5 6 4 6 6 6 6 6 6 4 6 6 6 5 5 6 5 4 5 4 4 5 5.32(6)
CLPSO | 1 3 4 4 2 1 3 1 1 3 2 2 1 5 1 2 2 2 2 2 1 3 1 1 4 2.16(2)
SRPSO 1 1 1 1 1 2 1 3 2 1 1 1 2 1 2 1 1 1 1 1 1 1 3 3 1 1.4(1)
xPSO 3 2 3 4 4 4 3 3 6 4 6 6 5 3 4 3 4 3 3 3 5 3 5 4 3 3.84(5)
DMSPSO| 4 3 2 2 2 5 2 3 4 3 5 4 4 6 3 2 2 2 2 2 4 1 4 5 2 3.12(2)
FIPS 6 6 6 5 6 6 6 6 5 6 4 5 6 3 6 6 6 6 6 6 6 6 6 6 6 5.68(6)
50 UPSO 5 4 5 3 5 3 5 1 2 2 2 2 2 1 5 5 5 5 5 5 3 5 3 3 5 3.64(4)
CLPSO |1 5 4 6 3 2 4 2 1 5 3 3 3 5 1 4 3 4 4 4 1 4 1 1 4 3.12(2)
SRPSO 1 1 1 1 1 1 1 3 3 1 1 1 1 2 2 1 1 1 1 1 2 2 2 2 1 1.4(1)

performance difference between several related samples. The test will identify the differ-
ences between the performance of the algorithms over the set of benchmark functions.
The pairwise post-hoc Bonferroni-Dunn test provides valid inferences about differences
in the performance of multiple group over multiple comparisons. The test will provide
a conclusive inference that the mean performance of SRPSO is better than the other
algorithms.

First, the Friedman test using average rank of different algorithms on 30-dimensional
(mean and median) and 50-dimensional (mean and median) has been conducted. The
average ranks have already been reported in the previous section in tables 3.4 and 3.5.
The Friedman null hypothesis states that all the related samples are equal performers.
Accordingly, based on the null hypothesis the average ranks of all the algorithms must
be equal or else the null hypothesis will be rejected.

The F-statistic value for a confidence level of 95% for the 6 algorithms tested over 25
benchmark functions can be obtained from the F-table which gives the critical F-value
as 2.2745. According to the the null hypothesis, if the computed F-score is greater than
the critical F-value then the null hypothesis can be rejected. The computed Friedman
statistic (F-Score) based on average rank for 30D and 50D median and mean are given
in table 3.6. In the table, the computed F-scores are 64.7453, 55.4708, 28.8485 and
28.4442 for 30D median, 30D mean, 50D median and 50D mean respectively. Since the
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Table 3.6: Average Rank Difference and Statistics for a = 0.05 significance level

Avg  Rank —difference | 301 y\jogian 30D Mean 50D Median 50D Mean
w.r.t. SRPSO

¥PSO 1.72 1.76 2.4 2.44
DMSPSO 2.16 2.28 1.64 1.72
FIPS 3.92 3.76 4.32 4.28
UPSO 4.12 3.92 2.32 2.24
CLPSO 0.96 0.76 1.8 1.72

F-score (Friedman) 64.7453 554708  28.8485  28.4442
(Céiei‘{ﬁjironi_])u?lgerence 0.5545 0.5863 0.7193 0.7209

computed F-scores are much greater than the critical F-value (2.2745), one can reject
the null hypothesis and it can be inferred that the average rank of the algorithms used
in this study are statistically different.

Since the Friedman null hypothesis is rejected, a pairwise post-hoc Bonferroni-Dunn
test [128] is conducted to highlight the performance of SRPSO over other algorithms. The
minimum required difference to signify the performance of one algorithm over another is
also present in the table 3.6. If the difference between average ranks of SRPSO and other
algorithms is greater than the critical difference (CD) then the performance of SRPSO
is statistically significant than the other algorithm. The average rank difference of all
the selected algorithms with respect to SRPSO is greater than the critical difference in
all the cases considered in the study. This suggests that the performance of SRPSO is
statistically better than all the PSO variants considered in this study.

To summarize, the performance evaluation on the CEC2005 benchmark functions
and the comparative rank based and statistical analysis clearly highlight hat the human
learning strategies incorporated in the SRPSO algorithm have provided better perfor-
mances. The two proposed human self-learning principles inspired strategies, namely,

self-regulating inertia weight and self-perception based selection of directions from the
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global best position have indeed enhanced the convergence characteristics of the PSO
algorithm. It is necessary here to evaluate the computational complexity of the SRPSO

algorithm to test its efficiency.

3.3.7 An analysis on computational complexity of the SRPSO
algorithm

In this section, the computational complexity and CPU time requirements of the proposed
SRPSO algorithm are analysed. The order of complexity of any algorithm describes its
efficiency. It is evident that if an algorithm maintains the order of complexity of the
standard PSO algorithm and at the same time provide fast, robust and better solutions
then it may be concluded that a significant performance improvement has been achieved.
Table 3.7 contains the order of complexity of the selected PSO variants and the SRPSO
algorithm. Since the selected algorithms have different initialization, evaluation and
updation schemes, therefore, the order of complexity in terms of O notation for the
process of initialization, evaluation and update has been observed. Finally, the overall
complexity of each of the algorithms has been reported in table 3.7. Here, N, n and D
represent the population size, number of neighbours and the total dimensions respectively.
From the table, one can conclude that SRPSO has maintained the order of complexity
of the PSO algorithm at every stage and hence has the overall complexity of O(ND).

If one compares the velocity update equations of PSO given in equation 1 and SRPSO
given in equation 9 and 10, it can be seen that SRPSO has the same order of complexity as
that of PSO. Next, the CPU clock time requirements of the PSO and SRPSO algorithms
in solving the benchmark function are calculated. The following equation as suggested

in [95] has been utilized for evaluating the computational time:

Burden(F) = SRPSO]’;(g’O)tZFJ;SOt(F)

A unimodal (F;) and two multimodal (Fg and Fis) are selected for computational

(3.8)

time analysis of SRPSO. The average computational time of SRPSO on the three func-
tions are calculated as 1.16785s, 2.00559s and 2.2293s respectively. Next, the average
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Table 3.7: Order of Complexity for selected PSO algorithms

Algorithm |Initialize| Evaluate Update Overall
yPSO | O(ND O(ND) O(ND) O(ND)
DMSPSO | O(ND) [O(ND+NnD) |O(ND+NnD)|{O(NnD)

(ND)

(ND)
FIPS | O(ND) | O(ND) O(ND) | O(ND)
UPSO | O(ND) | O(ND) |O(ND+NnD)|O(NnD)
CLPSO | O(ND) | O(ND) O(ND) | O(ND)
SRPSO | O(ND) | O(ND) O(ND) | O(ND)

computational time of PSO is calculated which are 1.26856s, 2.12609s and 2.33098s re-
spectively. on the same three functions. Using equation 3.8, it is found that SRPSO
reduces the burden by 7.9% for Fy, 5.66% for Fg and 4.36% for F 5 compared to the PSO
algorithms. This suggests that SRPSO has reduced the CPU clock time requirements
of the PSO algorithm together with providing better convergence. This is due to the
self-perception strategy introduced in SRPSO as social perception p:7 will use the social
cognitive part lesser number of times as compared to the standard PSO algorithm.

If one closely studies the strategy update mechanism of the selected PSO variant, it
will be noted that none of the algorithms has used the increasing inertia weight strategy
for the particles. In SRPSO, there is an increasing inertia weight for the best particle
that is assumed as the potential candidate nearer to the desired solution. This increasing
inertia weight is accelerating the exploration process and as a result there is a faster
convergence compared to other PSO variants.

Optimization is the most essential ingredient in any engineering problem design. In
this chapter, a new self-regulating learning strategy has been introduced in the PSO
algorithm. The algorithm is named as the Self-Regulating Particle Swarm Optimization

(SRPSO) algorithm. The algorithm makes use of two human learning principles
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e Self-regulation, where the best particle regulates its inertia weight to perform fast

and better exploration and

e Self-perception, where all the other particles apply perception based selection of

directions from the global best position for intelligent partial social exploitation.
With the help of the strategies, SRPSO has successfully

e Maintained the complexity of the PSO algorithm and reduced the overall compu-

tational time.

e Provided faster and much better convergence on diverse CEC2005 benchmark prob-

lems.
e Statistically outperformed the widely accepted state-of-the-art PSO variants.

It has been observed that the performance of SRPSO on a few multimodal and hy-
brid composition functions has not been the best. This suggests some performance im-
provement in the algorithm is required. In SRPSO, only the best performing particle is
searching with a different learning strategy while the rest of the particles are using the
same strategy. This might have prevented the least performing particles from acquir-
ing a better learning strategy as they do not get the required support from the better
performing particles to get a directional update towards potentially better search areas
and eventually contribute towards convergence. The algorithm is only using human self-
learning principles and missing the key concept of socially shared information processing
from the human learning psychology.

In the next chapter, human socially shared information processing concepts are in-
tegrated in the PSO algorithm to develop a more robust and efficient human learning

principles inspired PSO algorithm.
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Chapter 4

Dynamic Mentoring and
Self-Regulation based Particle
Swarm Optimization Algorithm

In the previous chapter, human self-learning principles inspired PSO algorithm was intro-
duced referred to as Self-Regulating Particle Swarm Optimization algorithm. In human
learning psychology it is mentioned that human beings possess multiple hierarchical inter-
related layers of information processing which enable them to access their performance
through socially shared information [129]. Hence, they collaborate with each other ef-
ficiently for attaining the maximum gain from the environment. This provides them
the essential information for performance improvement by successfully mitigating the
deficiencies through collaborative expert learning mechanism. This chapter focus on de-
velopment of human social intelligence inspired PSO algorithm. First, the socially shared
information processing is described in the context of mentoring based learning. Next, the

development of algorithm inspired from social learning principles is described in detail.

4.1 Basic Concepts of Human Social Learning Prin-
ciples

Human beings are known to be adaptive to wide range of environments through the help

of improvisational intelligence possessed by them from birth [130]. It has always been ar-
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gued that human beings are smarter and acquire better cognitive abilities than any other
creatures in the world [131]. Using their cognitive abilities, humans interact with each
other in an effective manner and exploit the environment in a better way. The interaction
can either be collaborative/ cooperative or competitive. In competitive nature, a human
is always selfish and tends to hide his knowledge form others whereas the collaborative
interaction strengthens the social bond among humans through promoting open-minded
and selfless behaviours. This helps them to overcome their deficiencies through social
cooperation and they achieve productive mutual benefits. A conscientious human is
one who effectively utilize his self and social cognizance, regulate his strategies, monitor
his performance, effectively perform information sharing and make better decisions [20].
Hence, socially shared information among humans provides them better understanding
of the environment and guides them towards the desired goals.

In social learning, the oldest and most effective way of learning adopted by humans is
gaining knowledge from other individuals. It has been stated in [21] that human beings
transfer knowledge and gain knowledge from each other through the process of teaching
and learning. The individuals who provide the necessary information to others are often
considered as the elite learners having efficient problem solving skills. Social learning
provides a positive learning environment to the learners. There are several ways in which
an individual interact with another for information sharing. Some of these socially shared
information processing principles are discussed next.

Exemplar based Learning: This learning technique refers to learning by following
a role model. Here, an individual considered as the most effective learner acts as the
role model for all other individuals. In most cases, the exemplar is not a single person
and there are several exemplars that are being followed by others. This learning process
often provides better understanding but it lacks in self-cognition. Here, other individuals
consider the exemplars as their guides and totally rely on them for performance improve-

ment. This is often a one way learning where the exemplars are providing the information
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and learners are following them. Leader follower based learning is also closely related to
exemplar based learning where everyone follows an individual. Unlike the exemplars, a
leader is always a single person and he prefers to stay at that position to enjoy the luxury
of taking all the decisions.

Peer Learning: This is a successful learning technique adopted in human beings
especially by the students where learner learn from each other and through their ef-
fective interaction achieve some advantageous learning outcomes. In peer learning, all
individuals are learner and they interact with each other to learn. Here, any individual
is not superior to another and all are considered as having the same level of intelligence.
With the help of social sharing all individuals get the opportunity of sharing their ideas,
experiences and knowledge with others for achieving mutual benefit.

Peer Teaching: Peer teaching, or peer tutoring, is a far more influential strategy
in which the more efficient learners guide the less efficient learners for their performance
improvement. Here, the individuals assigned the teaching responsibilities are often those
who have prior knowledge of the situation in which the peer learner are currently standing.
The teachers are responsible for proving the necessary information to the learners to
enhance their understanding of the problem. In peer teaching, the teachers are often not
in the learning mode and they only share their prior knowledge with the peers. This
often halts the learning process, therefore an alternate reciprocal peer teaching method
has been preferred [132, 133, 134, 135].

One of the powerful and effective method of reciprocal peer teaching is the mentoring
based learning scheme. Mentoring learning scheme supports the positive learning and
provide individual and collective development [136]. A major advantage of this learn-
ing scheme is that it combines several socially shared information processing principles
adopted by the humans. It is a peer teaching method combined with peer learning
and exemplar based learning strategies as well as it also allows individuals to perform

self-learning through intelligent social interaction. This method is more close to human
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intuition of social learning where humans don’t completely imitate each and every so-
cial influence encountered in the environment [22]. Instead, they perform self-reflection
to identify the proper information for adopting in their learning process. Therefore,
the same has been adopted in this thesis for development of a human socially shared

principles inspired PSO algorithm.

4.2 The Mentoring based Learning Process

Mentoring is the process of positive learning within a group and the learning scheme is
regarded as teaching taken to a deeper level. Mentoring is the process of informal trans-
mission of knowledge among peers where an individual with greater relevant knowledge/
experience in a certain area communicates with a person who is perceived to have less
knowledge [137]. In social learning theory [22], mentoring is regarded as the key learning
scheme for conceptual development of the learners. Mentoring, applied to any learning
environment, boosts the skills of the learners and makes them competent individuals for
any challenging learning environment. There are several ways in which humans adopt
the mentoring scheme, and among them an effective scheme is the one in which the group
learn together. This scheme provides the flexibility to the learners possessing a sufficient
amount of skills to learn individually. In the mentoring based learning environment, few
individuals with better knowledge acquisition through effective learning skills act as the
mentors. Further, all those individuals that are not effective learners and cannot excel
individually act as mentees. It is necessary to provide certain guidance to the mentees
for enhancing their learning skills which is performed by the mentors. There are also
some moderate learners capable of self-regulating their strategies to learn independently
without any guidance. Hence, there are three types of learners in the mentoring based
learning environments; namely, mentors, mentees and independent learners. Next, the

roles and responsibilities of each of the three learners is discussed.
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Mentor: Any individual with efficient learning skills can take the role of a mentor.
Within a group, the elite learners possessing a better understanding of the situation are
considered most suitable for the role of a mentor. In [138], mentors are considered as the
trusted guides who are capable to translating their knowledge effectively. The attributes
associated with the mentors include the capabilities of being a role model, possessing
strong communication skills and being knowledgeable about the learning environment.

Mentee: Any individual who is not capable enough of learning individually can take
the role of a mentee. Within a group there are always some individuals who always rely
on others for performance improvement; these perfectly fit into the mentee group. The
mentees generate some amount of trust in the mentor and this trust describe the amount
of information that mentee will take confidently from the mentor.

Independent Learner: Any individual who possess a sufficient amount of skills to
learn individually and trust his abilities is an independent learner. The role of these
learners is flexible in the learning environment. Through continuous performance assess-
ment, they can either become mentee to mitigate performance deficiencies or become
mentor to guide others.

There is a dynamic learning environment in the mentoring based learning scheme.
The individuals in each group don’t remain there forever. Based on their experiences and
performances, any individual can either become a mentor or an independent learner or
even a mentee. The independent learners perform the acquisition of knowledge indepen-
dently and they also don’t collaborate with others. The mentors also perform learning
independently but they are capable enough to convey the information to others. The
mentees cannot learn independently and therefore they are guided by the mentors. For
an effective learning environment, it is necessary that there exists a significant amount
of trust between the mentor and the mentee. This creates a strong relationship between
them and provides confidence to the mentee to learn effectively from the mentor. Both

the mentors and mentees are learners in this learning environment and hence mentoring
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Figure 4.1: The Process of Mentoring based Learning Scheme

based learning is not a one way learning environment. It is in fact an effective learn-
ing process that provides equal opportunities for everyone to learn independently and in
collaboration to eventually develop better learning abilities.

To clearly illustrate the mentoring based learning scheme in a learning environment, a
holistic pictorial view is presented in figure 4.1. The figure provides an insight view of the
complete effective learning process implemented through the mentoring based learning
scheme. In the figure, it is shown that in any learning environment there are learners that
interact with it for knowledge acquisition. The learners apply their skills, take necessary
actions and provide the outcome. The performance of these learners is assessed to iden-

tify the members of the three groups, viz., mentor, mentee and independent learner. The
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members in each group have different roles based on their learning abilities and hence
they all apply different learning strategies for performance improvement. The improve-
ment in the performance is continuously monitored through the amount of knowledge
acquisition and outcome produced by them. This classifies them as a learner in any of
the groups. The dynamic nature of the learning environment through continuous perfor-
mance monitoring regularly change the learners in each group. The mentors are the elite
learners; they possess effective learning strategies for efficient outcome. They provide
the necessary required guidance to the mentees for enhancing their learning capabilities.
The independent learners are often called the moderate learners as they possess sufficient
amount of skills and knowledge to satisfactorily provide the desired outcome. They con-
tinue to learn independently till the time they achieve satisfactory improvement in their
performances. In figure 4.1, the dynamic nature is clearly illustrated through the direc-
tion of flow from evaluation back to the learning environment. Therefore, the individuals

can take different roles at different occasions based on the following analysis.

e Any individual with degradation in performance will move to the mentee group.

e Any individual with significant performance improvement will move to the mentor
group.

The above two points suggest that a degraded performance can move anyone from
the group of mentors or independent learners to the group of mentees. Similarly, a
significant performance improvement can promote anyone to the mentors group. Such
socially shared information processing based learning scheme has been integrated in PSO

for better convergence.

4.3 Dynamic Mentoring and Self-Regulation based
Particle Swarm Optimization Algorithm

This section presents the detailed description of the proposed human socially shared infor-

mation processing based PSO algorithm. As described in the previous section, mentoring
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is an effective learning scheme in social interactive environment that provide individual
and mutual performance enhancement. The mentoring process initiates an effective learn-
ing environment with the use of confidence and trust among the learners from mentor
and mentee groups. This ensures that there is positive learning and mutual benefit for
the learners. Within the group there are some individuals who have better cognition on
their knowledge and are capable of self-regulating their experiences/ strategies to learn
independently. These concepts from the mentoring learning scheme have been taken into
account and are incorporated in the PSO algorithm. The new variant is referred to as
Dynamic Mentoring and Self-Regulation based Particle Swarm Optimization (DMeSR-
PSO) algorithm.

4.3.1 Incorporating the mentoring based learning concepts in
PSO

The mentoring based learning scheme has been applied to the particles similar to that as
described in figure 4.1. The performance of the particles has been taken into account for
their division in the group of mentors, mentees and independent learners. The particle
with the best performance i.e. the best fitness value is selected as the best particle. Two
different measures with respect to the best particle have been taken into account for

division of the particles into the said groups:

e Euclidian distance (Sy),

e Fitness difference (S.q).

Based on the calculated Euclidian distance and fitness difference, the particles are
divided into three groups: (i) Mentor (M,), (ii) Mentee (M,) and (iii) Independent
Learner (1,,). Those particles that are closer to the best particle in terms of both Euclidian
distance and fitness difference are considered as the elite particles and they are selected

in the Mentor group. Similarly, the particles that are far away from the best particle in

68



CHAPTER 4. DMESR-PSO ALGORITHM

terms of both measures are considered as the less efficient learners and are selected in the
Mentee group. Finally, the remaining particles are considered as the moderate learners
and are selected in the Independent Learner group.

Figure 4.2 provides a pictorial view of the selection of particles in each group. In the
figure, there are two circles representing the fitness difference (S) and Euclidian distance
(Seq) of all the particles and the centre of both circles represent the best particle. The
particles are mapped on the scale of 0 to 100 percent where the best particle is at 0%
and the outermost circle represents the 100% value. The selection of mentors, mentees

and independent learning particles as shown in figure 4.2 is defined as:

M,, if S; <A and S. < A
i={ M., ifS; >\ and S >\ (4.1)
In, if)\1<Sf§)\3 and /\2<S€d§)\4

The constants A1, A2, A3 and A4 are empirically experimented for the best possible values.
After several experimentation, these threshold values are selected as A\; = 5%, Ay = 10%,
A3 = 90% and Ay = 50% in the DMeSR-PSO algorithm. The mentoring based learning
scheme has been carefully implemented in the PSO algorithm with the proper selection
of the threshold values. Using these threshold values, the selection of elite learners
and less efficient learners as mentors and mentees has been performed. In any learning
environment, all individuals are neither top performers nor they are all least performers.
Similar consideration has been taken into account and only those particles that are closer
to the best are selected in the mentor group. Similarly, the mentee group consists of all
non-performing particles i.e. particles having a much higher fitness value. Further, to
achieve better convergence and guide the particles towards the optimum solution, all the
particles that are at a distance higher than 50% from the best particles are also included
in the mentee group. The justification of selection of these threshold values is provided
later in section 4.4.1.

In social learning, the most effective learning outcomes from the mentoring based

learning scheme have been achieved by the generation of sufficient amount of confidence
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Independent

Fitness difference with Euclidian distance with
respect to the BEST Particle Mentees respect to the BEST Particle

Figure 4.2: Selection of Particles in Mentor, Mentee and Independent Learner Group

and trust among the mentor and mentee [139]. This means that whenever a mentee has
confidence on the mentor and he trusts him for knowledge acquisition, the outcome is
always favourable and provide mutual benefits. There can be few scenarios arising from

the learning scheme as stated below:

e A mentee can trust a mentor more than the other mentors,

e A mentee can trust himself more than other and is confident to learn independently.

To accommodate these concepts in the algorithm, two confidence signals are generated

for every dimension of a mentee particle to decide the selection of a mentor particle.
e The self-confidence signal (Cj.) and
e The mentor-confidence signal (Cy.)

Both the confidence signals are generated using a uniform random number within the

range [0, 1], & ~ U([0, 1]). The two confidence signals C;. and Cj. will enable the particle
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to undergo either self-experience based learning or mentor based learning process. If the
confidence signal is high, the particle will learn using his personal best. Furthermore, for
a high mentor confidence signal, the particle will learn from a mentor. It is necessary
to allow the particles to undergo self-learning and social learning almost equal number
of times for intelligent utilization of self and social cognition. To achieve the same, the
probability of selection of dimensions to undergo either self-experience based learning or

mentor based learning are kept more or less similar. The self-confidence signal is defined

as:
1, if 0.5
Co={ "¢ 7 (4.2)
0, otherwise
The selection of mentor (Syz) for the guidance of a mentee is defined as:
1, ifCee=0
Sire =< > 4.3
M {0, otherwise (4:3)

For a high Sy signal, there will be a selection of mentor for guidance of the particle.
For guidance, there is need of development of trust between mentee and mentor. To
incorporate the concept of trust, a mentor-confidence signal will be generated for the
mentee. A mentee will learn from the selected mentor if there is a high mentor-confidence
signal. If the generated signal is low, it will suggest that the trust has not been developed
among the mentee and the mentor. Next, a bigger group will be dynamically generated for
a selection of more mentors as shown in figure 4.3. The figure illustrated the dynamically
expanded mentor group to allow more particles in the mentor group. Here, the mentor
group has been extended to S; < 50% and S.q < 50% for random selection of a new

mentor particle.

4.3.2 Learning strategies for the particles in each group

The particles in each group possess varying characteristics and produce different perfor-
mances. Therefore, it is necessary to apply different learning strategies for the particles

belonging to different groups. In the mentor group there are elite particles with efficient
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Independent
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Mentors

Mentors X

Best Particle

Euclidian distance with

Fitness difference with
respect to the BEST Particle Mentees respect to the BEST Particle

Figure 4.3: Dynamic Expansion of the Mentor Group

performances, hence these particles will be given a more explorative learning strategy
to explore the potential areas of the search space. It has already stated earlier that
the independent learners are capable of self-regulating their knowledge for achieving the
desired goals. Also as stated in [1], independent learners are intelligent enough to per-
form self-regulation of their experiences for achieving favourable understanding of the
environment. The concept of self-regulation has already been introduced in the previous
chapter in the proposed SRPSO algorithm [140]. The concepts of self-regulation and
self-perception have been adopted as the learning strategy for the independent learners
in the DMeSR-PSO algorithm for better convergence. Finally, the mentee group consists
of all the less efficient particles with unsatisfactory performance. These particles will
perform search using a guidance based learning strategy. Next, the detailed description
of the learning strategies in each group is presented.

The Mentor Group: The best particle and the particles closer to it as shown in figure

4.2 are in the mentor group. The best particle being the most efficient one will perform the
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search using the self-regulating inertia weight strategy and the velocity update equation
of the best particle proposed in the SRPSO algorithm in the previous chapter. The other
particles, considered as the effective learners will use partial self and social cognition
together with a full belief in their search direction. These particles perform the search
utilizing more exploration and partial exploitation. The partial self and social cognitions
are controlled by 8, and [, respectively. The values for 8; and (3, are set as 0.5 to ensure
that the particles have less influence of their previous self and social knowledge and have
a higher impact of their current search direction. Therefore, the particles will perform
search with a strong influence of their current experiences. The velocity update equation

of these particles is defined as:
Vit = wi Vi 4 erri Bi(Pl — X)) + corafa(Ply — X1y) (4.4)

When the mentor group is dynamically expanded, the particles belonging to independent
learners group also come in this group. These particles are not permanent members of
the group and are only added to fulfill a particular requirement. Therefore, they perform
search using their own learning strategy irrespective of their occurrence in either mentor
group or the independent learner group.

The Mentee Group: All the particles far away from the best particle are considered as
the lesser efficient particles. These particles require some sort of guidance for performance
improvement. As indicated in the previous section, a mentee can trust him more than
any other or he may trust a mentor for guidance. These particles perform search either
using the self-belief strategy or the social guidance (guided by a mentor) strategy. The

velocity update equation for a mentee is given below:
Vi = wiVig + err1Coe( Py — Xig) + caraSure(Paed — Xia) (4.5)

where Pj;.q is the personal best of the selected mentor, Cy. = 1 suggests a self-belief based

search and Sy, = 1 suggest a socially guided search. The particle will only perform search
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through social guidance or using self-belief because if Cs, = 1 then Sy, = 0 and vice
versa.

The Independent Learner Group: All the particles in this group are capable of learn-
ing using their own experiences. These particles have strong belief in their experiences
and socially share information based on their perception. These particles utilize the
social-awareness based search using self-perception based selection strategy of the SRPSO
algorithm.

The positions (X) of all the particles are updated using:
Xt =xt+vit,  i=12--- N; d=1,2---,D (4.6)

4.3.3 The DMeSR-PSO algorithm

In the DMeSR-PSO algorithm, the particles are divided into three groups consisting of
mentors, mentees and independent learners. Further, the mentor group size is dynam-
ically changing to accommodate the trust based relationship between a mentor and a
mentee. The particles in each group perform search using different learning strategy.
Also, the particles in each group are dynamically changing i.e. in a given iteration a
mentor can become an independent learner in the next iteration. The main learning

schemes in DMeSR-PSO can be summarized as:
e The dynamic mentoring scheme between the particles of mentor and mentee groups,
e Self-Regulating inertia weight scheme for best particle and

e Self-perception based search for all the particles belonging to the independent

learner group.

Incorporating all these learning strategies, the finalised flowchart for DMeSR-PSO is

given in figure 4.4.
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4.4 Performance Evaluation, Results and Discussion

This section provides the performance analysis of the proposed algorithm. First the
analysis of threshold values is provided. Next, the impact of DMeSR-PSO over the
convergence of PSO has been studied. Finally, the performance has been compared with

widely accepted evolutionary algorithms.

4.4.1 Analysis of Threshold Values A\, X\, A3 and )\,

The main criteria for the mentoring based learning scheme implementation in the algo-
rithm is the selection of particles in the three groups: Mentor, mentee and independent
learner. The convergence of particles towards better solution is dependent on proper se-
lection. The DMeSR-PSO algorithm performance has a greater influence of the selection
of the particles in each group. As discussed earlier in section 4.3.1, there are four different
threshold values Aq, Ay, A3 and A4 used to define the selection of particles in the three
groups. In this study, three different benchmark functions with different characteristics
from the CEC2005 [59] are selected for analysing the impact of different threshold values

on the convergence of DMeSR-PSO. The three benchmark functions are:
e A unimodal function: F4, Shifted Schwefel’s Problem 1.2 with Noise in Fitness,
e A multimodal function: Fi5, Schwefel’s Problem 2.13,

e A hybrid composition function: Fa3, Non-Continuous Rotated Hybrid Composition

Function.

Table 4.1: Different Percentage Group Values for Mentors and Mentees

Mentor Group Mentee Group
M, (A): Sy <5% and Seq < 5% M. (A): Sy > 85% and Seq > 40%
M,(B): Sy <5% and Seq < 10% 0S5 > 85% and Seq > 50%

(4)

M.(B)
(C): Sy <10% and Seq < 10% | M(C): Sy > 90% and Seq > 50%
(D): Sy <10% and Seq < 15% | M.(D): Sy > 90% and Seq > 60%
(C): Sy <15% and Seq < 15% | M(E): Sy > 95% and Seq > 60%
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Three different values for each threshold have been considered for testing the performance

on each problem. The values for
e )\ are 5%, 10% and 15%,
e )\, are 5%, 10% and 15%,
e \; are 85%, 90% and 95% and
e )\, are 40%, 50% and 60%.

Using these different threshold values 5 different groups of Mentor and Mentee are formed
as shown in Table 4.1. A set of 25 different experiments have been conducted using the
combination of mentor and mentee group from the table. The experimental setup for the

analysis includes:
e Swarm size = Dimension = 30,
e Function Evaluations = 300000,
e Total runs = 25

Table 4.2 contains the mean and standard deviation performance of all the combinations
of mentor and mentee group. From the table, it is clear that the combination defined
by M,.(B) M.(C) group as Ay = 5%, Ay = 10%, A3 = 90% and Ay = 50% is providing
the better convergence compared to all other settings of the threshold values. Next,
to properly visualize the performance of all the settings the mean error fitness values
are plotted against different combinations as shown in figure 4.5. The figure provides
a better analysis for the different selected groups. It is clear from the figure that six
different group selection, M, (B) M.(B), M,(B) M.(C), M.(B) M.(D), M.(C) M.(A),
M,.(C) M.(C) and M,(C) M.(E) are providing better solution compared to the other

group selections. Among them, the group defined by M,.(B) M.(C) is providing the best
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solutions. Hence, the threshold values defined by the group M, (B) M.(C) as Ay = 5%,
Ao = 10%, A3 = 90% and Ay = 50% are selected and kept constant for all the experimental
studies. Next analysis is on the impact of proposed learning schemes on the convergence

towards the optimum solution.

4.4.2 Impact of dynamic mentoring and self-regulation

In DMeSR-PSO there are different learning strategies adopted by particles from different
group. In this section, the impact of two main strategies i.e. dynamic mentoring and
self-regulation on the PSO algorithm are first tested separately on a benchmark function.
Finally, the combined effect on the performance using the DMeSR-PSO algorithm has
been observed. Similar to the analysis performed in chapter 3, a function from each group
of the CEC2005 [59] benchmark set are selected. The performance has been evaluated
25 time on the 30D problem using a swarm size of 30. The median performance of each
algorithm has been plotted against the total number of iterations. The convergence graph
of median performances of standard PSO, Dynamic Mentoring based PSO (DMePSO),
SRPSO and DMeSR-~PSO are presented in figure 4.6. The figure presents the performance
of the said algorithms on the four benchmark functions F3, Fg, F14 and Fos. From the
figure, one can see that when the dynamic mentoring scheme and the self-regulation
scheme are applied separately to the standard PSO algorithm there is a significant amount
of performance improvement. Using either of the proposed strategies, PSO has converged
to a point far better than its original variant. When both the strategies are combined
together in the form of DMeSR-PSO, faster convergence closer to the global optimum
solution has been achieved in all the categories of benchmark function. Similar analysis
can be performed on all the benchmark functions where more or less same performance
has been observed.

Next, to have a clear analysis of the impact of DMeSR-PSO on the convergence over

SRPSO, a performance comparison on the 30D and 50D CEC2005 benchmark functions
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Table 4.2: Comparative analysis of Different Threshold Values Ai, Ao, A3 and A4

Fy Fio Fas
Group Mean STD. Mean STD. Mean STD.
Mr(A)Me 5.912E+01 |2.133E401] 8.722E+03 |7.888E+03| 7.037TE+02 |6.73E401
Mr(A)Me 2.437E+01 |1.103E4-01] 8.172E+03 |7.880E+02| 7.363E+02 |6.75E401
Mr(A)Me(C)| 2.937TE+01 |1.733E+401| 6.841E+03 |7.980E+02| 6.722E+402 [7.21E+01
Mr(A)Me(D)| 1.914E+01 (1.023E+01| 7.725E+03 |8.620E+02| 6.811E+02 |4.17E+01
Mr(A)Me(E)| 4.124E+01 |2.136E+01| 5.852E+03 |9.950E4-02| 7.092E+02 |7.04E+401
Mr(B)Me(A)| 2.231E+01 [1.024E+401| 4.346E+03 (8.780E+4-02| 7.478E+02 (8.58E+401
Mr(B)Me(B)| 1.425E+01 (4.327E+00| 3.231E+03 |1.035E+03| 6.240E+02 |6.84FE+01
Mr(B)Me(C)|1.287TE+01|5.067E400|2.295E4-03(1.006E+4-03|5.337E402(9.00E+4-01
Mr(B)Me 1.324E+01 |8.365E+400| 2.721E+03 (9.774E+02| 5.849E+02 (6.90E+-01
Mr(B)Me(E)| 2.121E401 |1.233E+01| 4.222E+403 [1.010E+03| 6.032E+02 |5.16E401
Mr(C)Me(A)| 1.510E+01 |1.021E401| 3.343E+03 |8.780E+02| 6.222E+02 [6.10E+01
Mr(C)Me(B)| 3.565E+01 |1.255E401| 5.851E+03 [9.950E+02| 6.375E402 |[7.08E+01
Mr(C)Me(C)| 2.937TE+01 |1.433E+01| 5.460E+03 [1.550E+03| 6.670E402 [4.57E+01
Mr(D)Me(B)| 4.025E401 [1.101E+01| 6.335E+03 |2.340E+4-03| 6.337E+02 |4.32E+01
Mr(D)Me(C)| 3.625E401 [1.521E+01| 4.560E+03 |1.040E+4-03| 6.164E+02 |5.30E+01
Mr(D)Me(D)| 4.013E401 |2.136E+01| 5.342E+03 |7.980E+402| 6.801E+02 |6.33E+01
Mr(D)Me(FE)| 3.266E+401 [1.237E+01| 7.070E+03 |7.580E+402| 7.125E+02 |5.88E+01
Mr(E)Me(A)| 5.733E+01 |2.155E401| 6.142E+03 |8.950E+02| 7.221E+402 |6.58E+01
Mr(E)Me(B)| 4.124E+01 (2.137E+01| 6.690E+03 |1.130E+03| 7.033E+02 [6.55E+01
Mr(E)Me 3.857E+01 |1.937E+4-01] 6.312E+03 |9.650E+02| 6.550E+02 |5.76E4-01
Mr(E)Me 5.533E+01 [1.935E+4-01| 7.791E+03 |6.850E+02| 6.934E+02 |4.01E4-01
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Figure 4.6: Impact of the Dynamic Mentoring and Self-Regulation strategies

have been conducted. All the experimental setup are kept same as that of SRPSO
provided in previous chapter, section 3.3.3. The experiments have been conducted 25
times and in every run the function evaluations were set to 10000xD. The median,
mean and standard deviation fitness values of the two algorithms are provided in tables
4.3 and 4.4. It is evident from the two tables that DMeSR-PSO has provided better
performance in all the functions compared to the SRPSO algorithm. There has been
significant performance improvement in the following functions where DMeSR-PSO has

provided solutions one order less than SRPSO.
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e 50D Fy,

e 30D and 50D Fj,

e 30D and 50D F; and
e 30D Fy4

This suggests an improvement in performance achieved by the DMeSR-PSO algorithm
in terms of providing solutions closer to the optimum values. Hence, it can be concluded
that the concept of dynamic mentoring and self-regulation applied to the PSO algorithm

has indeed enhanced its searching capabilities and convergence characteristics.

4.4.3 Selected algorithms for comparison and parameter set-
tings
In chapter 3, the performance of SRPSO was compared with the well-known PSO vari-
ants whereby SRPSO significantly outperformed the compared algorithms by providing
solutions closer to the true optimum value. In the previous section, it has been observed
that human social intelligence inspired DMeSR-PSO algorithm has shown superior per-
formance over SRPSO algorithm. Therefore, in this evaluation, performance of DMeSR-
PSO has been compared with well-known evolutionary algorithms on all the CEC2005

benchmark functions. The following algorithms have been selected for comparison:

i Differential Evolution (DE) [141]: The classical DE algorithm has been tested
on CEC2005 by [142] as the algorithm has proved to be highly efficient for solving

real valued test functions.

ii Guided Differential Evolution (G-DE) [143]: An improved variant of DE with
an idea of preserving previous known better directions that generated good results in

the next generation.
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Table 4.3: Performance Comparison of SRPSO and DMeSR-PSO on Functions F; to Fi3

30D 50D

Function | Performance SRPSO DMeSR-PSO SRPSO DMeSR-PSO

Median 0.000E+00 | 0.000E+400 | 0.000E400 | 0.000E-+00

Fy Mean 0.000E+00 | 0.000E+00 | 0.000E400 | 0.000E-+00
STD. 0.000E+00 0.000E+00 0.000E+00 0.000E+00

Median 0.000E+00 | 0.000E+00 5.870E-03 2.070E-06

Fs Mean 0.000E+400 | 0.000E-+00 1.931E-02 8.164E-06
STD. 0.000E+00 0.000E+00 1.639E-02 1.030E-05

Median 1.038E+02 | 2.235E+01 | 3.638E+02 | 6.443E-+01

Fs Mean 1.365E+02 | 4.414E4+01 | 3.927E+02 | 6.706E+01
STD. 2.199E-+02 1.563E+4-02 2.780E+02 8.899E+00

Median 2.349E+01 | 1.313E+01 | 2.373E+03 | 1.509E+403

| Mean 3.205E+01 | 1.287E+01 | 2.559E+03 | 1.685E403
STD. 1.145E+01 5.067E+00 R.7T7T1E+02 5.073E+02
Median 1.983E+4+03 | 2.029E+03 | 3.646E+03 | 4.568E+03
Fs Mean 2.134E+03 | 2.143E+03 | 3.725E+03 | 4.557TE+03
STD. 2.741E+02 1.721E+402 5.784E+02 7.466E+02

Median 2.375E+01 | 1.493E+01 | 3.547E+01 | 1.945E+401

Fg Mean 2.446E+01 | 1.506E+01 | 5.754E+01 | 2.368E+01
STD. 5.738E+00 2.915E+00 3.313E+01 1.674E+01

Median 4.452E-03 1.770E-04 4.396E-01 2.093E-02
F- Mean 6.263E-03 2.506E-03 5.197E-01 2.766E-02
STD. 4.521E-03 4.918E-03 1.757E-01 1.746E-02

Median 2.090E+01 2.089E+01 2.114E+01 2.105E+01

Fg Mean 2.091E+401 2.089E+01 2.113E+401 2.104E+01
STD. 3.948E-02 3.865E-02 2.862E-02 1.835E-02

Median 2.179E+01 | 1.965E+01 | 8.457E+01 | 4.731E+401

Fo Mean 3.003E+01 2.140E+01 8.610E+01 5.226E+01
STD. 5.521E+00 1.239E+01 1.707E+401 1.195E401

Median 4.293E+01 | 2.717E401 | 8.173E+01 | 5.675E+01

Fio Mean 4.510E+01 | 3.217E+401 | 8.690E+01 | 7.57T4E+01
STD. 6.807E-+00 1.508E+01 2.589E+01 3.621E+01

Median 1.177E4+01 | 7.771E400 | 2.148E+01 | 1.325E+401

Fiy Mean 1.120E+01 7.592E400 2.191E+01 1.301E+01
STD. 1.002E+-00 7.854E-01 3.150E+00 1.907E+00

Median 2.145E+03 2.065E+4+03 9.657E+03 8.462E+03

Fiy Mean 2.448E+03 | 2.295E+03 | 1.960E+04 | 1.111E+04
STD. 1.354E4-03 1.006E+-03 8.888E+03 8.915E+03

Median 1.533E4+00 | 1.230E+400 | 4.778E+00 | 3.310E+00

Fis Mean 2.270E+00 1.467E400 4.732E+00 3.285E+400
STD. 9.308E-01 4.221E-01 7.309E-01 4.425E-01
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Table 4.4: Performance Comparison of SRPSO and DMeSR-PSO on Functions Fy4 to

Fos
30D 50D

Function | Performance SRPSO DMeSR-PSO SRPSO DMeSR-PSO

Median 1.187E+01 1.099E+4-01 2.095E+01 1.497E-401

Fiy Mean 1.117E+01 1.114E+401 2.084E+01 1.492E+4-01
STD. 2.554E+00 7.122E-01 9.508E-01 1.092E-01

Median 3.330E402 1.850E4-02 2.970E+02 1.892E+402

Fis Mean 3.050E+02 1.877TE402 2.929E+02 2.003E+402
STD. 9.521E+01 1.244E+01 9.531E+01 5.818E+01

Median 1.030E+02 5.909E+01 7.647E+01 7.454E+01

Fie Mean 1.372E+02 7.208E+401 1.263E+02 1.007E4-02
STD. 1.059E+01 1.647E+01 1.070E+02 3.523E+01

Median 1.507E402 1.228E+02 1.569E4-02 1.416E402

Fis Mean 1.802E+02 | 1.217E402 | 1.929E+02 | 1.768E-+02
STD. 2.945E401 2.116E+01 1.045E+02 3.105E+01

Median 8.543E+02 8.292E+02 8.460E+02 8.446E+02

Fis Mean 8.451E402 8.290E+402 8.459E4-02 8.447E+02
STD. 3.292E401 3.765E-01 1.347E+00 1.840E-01

Median 8.406E402 8.295E+402 8.455E402 8.446 E+02

Fig Mean 8.376E+02 8.280E+02 8.399E+-02 8.447E+02
STD. 1.707TE+01 1.937E+00 5.761E+01 1.054E-01

Median 8.406E+02 8.290E+02 8.761E+02 8.444FE+02

Fao Mean 8.330E+02 | 8.280E+02 | 8.996E+02 | 8.445E402
STD. 3.287E+01 2.635E+00 1.273E+02 1.560E-01

Median 5.000E4+02 | 5.000E+02 | 5.000E402 | 5.000E+02

Fau Mean 5.000E+02 | 5.000E+02 5.233E+02 5.000E+4-02
STD. 0.000E4-00 0.000E4-00 8.080E+01 0.000E4-00

Median 5.191E+02 5.000E+402 9.072E+02 5.000E+402

Fao Mean 5.221E+02 5.093E+02 9.081E+02 5.000E+02
STD. 1.098E+01 7.248E+01 1.411E+01 2.847E-06

Median 7.342E+02 5.247E+02 | 5.391E+02 | 5.391E402

Fos Mean 7.881E+02 5.337TE+02 5.779E+02 5.391E+02
STD. 9.033E+01 9.001E400 1.101E+402 1.735E-04

Median 2.080E+02 2.000E+-02 2.200E+02 2.000E+4-02

Foy Mean 2.105E+02 2.000E4-02 2.211E+02 2.000E+4-02
STD. 4.178E+00 0.000E4-00 1.977E+00 0.000E4-00

Median 1.266E+03 2.000E+02 4.612E+02 2.000E+4-02

Fas Mean 1.256E+03 2.116E+02 6.761E+02 2.136E+02
STD. 6.399E+-00 2.929E+01 4.020E4-02 1.863E+01
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1ii

v

V1

vii

viil

Flexible Evolutionary Algorithm (FEA) [144]: An algorithm consisting of sev-
eral features adopted from different evolutionary algorithms. Different features have

provided FEA higher flexibility in solving optimization problems.

Real-Coded Evolutionary Algorithm (RC-EA) [145]: RC-EA is a steady-state,
population-based search algorithm derived from population-based algorithm genera-
tor. The developed algorithm has efficiently solved selected problems and it is less

sensitive to noise and rotation of the landspace.

Estimation of Distribution Algorithm (EDA) [146]: EDA is an algorithm
based on probabilistic modeling where the new generation is sampled from a proba-

bility distribution.

i Hybrid Real-Coded Genetic Algorithm (Hy-RCGA) [147]: The algorithm is

a hybrid of global and local versions of RCGA to effectively utilize global and local
search at the same time. The algorithm has been proven to be highly robust as

compared to the other RCGAs.

Real-Coded Memetic Algorithm (RCMA) [148]: RCMA is a hybridized version
of RCGA with local search techniques. The algorithm has successfully maintained
the balance between exploration and exploitation of the search space and provided

promising solutions.

Covariance Matrix Adaptation Evolution Strategy (CMAES) [8]: One of the
most efficient and promising optimization algorithm developed using the covariance
matrix of the normal mutation search distribution. A newer, more efficient version of
CMAES referred to as restart CMAES with increasing population (IPOP-CMA-ES)
has been tested on CEC2005 in [149] which has provided highly competitive solutions

to non-linear, non-separable problems.
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Furthermore, the SRPSO algorithm has also been included in the performance eval-
uation. All the guidelines of CEC2005 has been followed in the experimentation and the
results of the selected algorithms have been taken from their respective articles. Further,

the settings are kept same as discussed earlier in section 4.4.2.

4.4.4 Experimental results and performance comparison

Since most of the selected algorithms have been systematically evaluated on the 30D
benchmark functions from the CEC2005 problem suite, therefore, the comparative anal-
ysis has been performed on the 30D functions. The performance (median, mean and
standard deviation values) for the 10 algorithms is presented in tables 4.5 - 4.9.

From the tables, one can see that the compared algorithms have varying perfor-
mances on the benchmark functions. The DE; RCMA and Hy-RCGA algorithms have
shown better performances in some unimodal and multimodal functions. Further, the
IPOP-CMAES algorithm has outperformed all the algorithms in the category unimodal
and multimodal functions. Similarly, DMeSR-PSO algorithm has achieved the best per-
formance in the expanded multimodal and hybrid composition functions. In 3 functions
(F1 , Fy and Fq;), identical performances have been observed where most of the selected
algorithms have provided similar results.

Overall, DMeSR-PSO has achieved the best median performance in 13 out of the 25
functions. Furthermore, it has provided the best mean performances in 16 benchmark
functions. Also, DMeSR-PSO has achieved the best performance in terms of both mean
and median fitness values in 13 out of the 25 benchmark functions whereas IPOP-CMAES
has provided better mean and median performances in 11 functions. This indicates
that the performance of IPOP-CMAES and DMeSR-PSO are comparable on the set of
benchmark functions whereby IPOP-CMAES is well-suited for the unimodal and basic
multimodal functions and DMeSR-PSO is well suited for the expanded multimodal and

hybrid composition functions. To have a clear illustration of performance significance of
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Table 4.5: Performance Comparison among selected Evolutionary Algorithms on Fi-Fg
CEC2005 Benchmark Functions

. Fq Fa
Algorithm - -
Median Mean STD. Median Mean STD.
DE 0.00E+-00|0.00E400 | 0.00E4+00| 2.22E-02 | 3.33E-02 | 4.90E-03
RCMA 0.00E4-00 | 0.00E400 | 0.00E+00| 8.75E-06 | 8.72E-06 | 7.47E-07
IPOP-CMAES | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
RC-EA 1.23E-02 | 7.97E-01 |2.49E400| 6.95E-04 | 4.40E-01 |1.52E400
FEA 7.52E400 | 7.06E4+01 |1.20E402| 9.25E+02 | 9.82E+402 |4.01E+02
Hy-RCGA |0.00E+400 | 0.00E400 | 0.00E+00 | 0.00E400 | 0.00E-+00 | 0.00E+00
G-DE 0.00E+00| 4.54E-01 [1.08E+00| 2.46E+01 | 5.11E+01 |6.77E+01
EDA 4.89E+01 | 4.88E+01 |9.57E4+00| 1.62E+02 | 1.61E+02 |2.78E+01
SRPSO 0.00E+-00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
DMeSR-PSO |0.00E4-00 | 0.00E+00 | 0.00E+00 | 0.00E4-00 | 0.00E+00 | 0.00E+00
F3 F4
Median Mean STD. Median Mean STD.
DE 7.29E+05 | 6.92E4+05 |2.04E+405|6.68E+00| 1.52E4+01 |1.81E+401
RCMA 7.64E405 | 8.77E+05 |5.81E404| 2.56E+01 | 3.97TE+401 |8.55E+00
IPOP-CMAES | 0.00E+00 | 0.00E+00 | 0.00E4+00| 1.93E+01 | 1.11E404 |3.02E+04
RC-EA 3.05E+00 | 3.67E+02 |1.35E403| 4.39E+03 | 4.80E+03 |3.44E403
FEA 7.06E4+06 | 7.45E+06 |2.93E406| 9.82E+03 | 9.82E+03 |3.42E+403
Hy-RCGA 2.21E+03 | 3.11E4+03 |2.33E+403 | 1.42E+01 | 1.68E+01 |9.96E400
G-DE 3.38E+06 | 3.81E4+06 |1.94E4+06| 2.29E+02 | 6.59E+02 |1.35E+03
EDA 3.66E+06 | 3.75E+06 |9.09E+405| 1.38E+03 | 1.28E+03 |2.91E+402
SRPSO 1.04E+02 | 1.36E+02 |2.20E+02| 2.35E+01 | 3.20E+01 |1.15E+01
DMeSR-PSO | 2.24E401 | 4.41E401 |1.56E+02| 1.31E4+01 [1.29E4-01 |5.07TE+00
Fs Fg
Median Mean STD. Median Mean STD.
DE 9.35E+01 | 1.70E4+02 |1.84E+02| 1.29E+01 | 2.51E+01 |2.90E+01
RCMA 2.13E+03 | 2.18E+03 |7.83E+01| 1.90E+01 | 4.95E+01 |1.93E+01
IPOP-CMAES | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
RC-EA 8.13E+03 | 8.34E+03 |1.04E+403| 3.14E+02 | 1.21E+03 |1.83E+403
FEA 9.82E+03 | 9.91E+03 |2.09E4+03| 1.23E+02 | 2.58E+02 |3.06E-+02
Hy-RCGA 2.37E4+02 | 3.33E+02 |2.47TE+02| 4.51E-08 | 2.60E-07 | 4.32E-07
G-DE 2.23E403 | 2.35E4+03 |8.61E4+02| 3.19E+01 | 5.62E+01 |4.50E+01
EDA 6.26E+03 | 6.19E+03 |1.16E403| 1.69E+05 | 1.83E+05 |6.24E+404
SRPSO 1.98E+03 | 2.13E+03 |2.74E+02| 2.37TE+01 | 2.45E+01 |5.74E+00
DMeSR-PSO | 2.03E+03 | 2.14E+03 |1.72E+02| 1.49E+401 | 1.51E4+01 |2.91E400
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Table 4.6: Performance Comparison among selected Evolutionary Algorithms on F7-F1
CEC2005 Benchmark Functions

. Fr Fs
Algorithm - -
Median Mean STD. Median Mean STD.
DE 1.20E-08 | 2.96E-03 | 5.55E-03 | 2.10E+01 | 2.10E+01 | 5.11E-02
RCMA 9.86E-03 1.33E-02 | 1.27E-03 | 2.08E+01 | 2.07E+01 | 3.77E-01
IPOP-CMAES | 0.00E+400 | 0.00E400 | 0.00E+00 | 2.00E401 | 2.01E401 | 2.79E-01
RC-EA 1.06E-02 1.41E-01 | 2.83E-01 | 2.09E+01 | 2.09E+401 | 6.82E-02
FEA 1.70E400 | 3.59E+400 |4.43E+00| 2.04E+4+01 | 2.03E401 | 1.13E-01
Hy-RCGA | 0.00E+00|0.00E4-00 | 0.00E+00| 2.10E401 | 2.09E+01 | 5.75E-02
G-DE 1.63E4+03 | 1.63E+03 |1.47E+02| 2.10E4+01 | 2.10E4+01 | 6.30E-02
EDA 2.63E+01 | 2.66E+01 |3.92E+00| 2.10E+01 | 2.09E+01 | 5.06E-02
SRPSO 4.45E-03 | 6.26E-03 | 4.52E-03 | 2.09E+01 | 2.09E+01 | 3.95E-02
DMeSR-PSO 1.77E-04 2.51E-03 | 4.92E-03 | 2.09E+01 | 2.09E+01 | 3.86E-02
Fo Fio
Median Mean STD. Median Mean STD.
DE 1.81E401 | 1.85E+401 |5.20E+00| 4.88E+401 | 9.69E+401 |8.23E+01
RCMA 9.95E-01 | 6.81E-01 | 1.21E-01 | 9.51E4+01 | 9.06E+01 |4.89E+00
IPOP-CMAES | 9.95E-01 | 9.38E-01 |1.18E+00|1.00E400|1.65E+00 | 1.35E+00
RC-EA 1.34E4+02 | 1.31E4+02 |2.39E+01| 2.35E+02 | 2.32E+02 |3.51E+01
FEA 1.04E401 | 2.41E401 |3.31E+01| 1.75E4+02 | 1.86E+02 |5.35E+01
Hy-RCGA 1.52E401 | 1.51E401 |5.04E+00| 3.28E+4+01 | 3.52E+401 |1.03E+01
G-DE 5.88E+01 | 5.79E+01 |1.70E+01| 7.46E+01 | 7.36E+01 |2.14E+01
EDA 2.30E+02 | 2.30E+02 |9.44E+400| 2.41E+02 | 2.39E+02 |1.07E+401
SRPSO 2.18E+01 | 3.00E+01 |5.52E400| 4.29E+01 | 4.51E+01 |6.81E+00
DMeSR-PSO | 1.96E+01 | 2.14E+401 |1.24E+01| 2.72E+01 | 3.22E+401 |1.51E+01
F11 Fi2
Median Mean STD. Median Mean STD.
DE 3.95E+01 | 3.42E+01 |1.03E+401| 1.78E+03 | 2.75E+03 |3.22E+03
RCMA 3.39E+01 | 3.11E+01 |1.52E400| 2.16E+03 | 4.39E+03 |1.40E+03
IPOP-CMAES | 6.18E+00 | 5.48E+00 | 3.13E+00 | 4.54E+01 | 4.43E+04 |2.19E405
RC-EA 3.77TE+01 | 3.77E+01 |1.53E400| 8.53E+04 | 1.01E+05 |7.22E+04
FEA 3.23E+01 | 3.14E+01 |3.15E4+00| 1.26E+04 | 1.48E+04 |1.30E+04
Hy-RCGA 2.41E+01 | 2.47E+01 |3.53E400| 8.0TE+03 | 9.52E+03 |8.07E+03
G-DE 2.10E+01 | 2.11E+01 |5.05E400| 1.58E+03 | 2.44E+03 |2.61E403
EDA 3.99E+01 | 3.98E+01 | 9.74E-01 | 4.19E+05 | 4.48E+05 |2.07E+05
SRPSO 1.18E401 | 1.12E401 |1.00E4+00| 2.15E403 | 2.45E+03 | 1.35E+03
DMeSR-PSO | 7.77E400 | 7.59E400 | 7.85E-01 | 2.06E+03 |2.29E403 |1.01E+03
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Table 4.7: Performance Comparison among selected Evolutionary Algorithms on Fi3-Fig
CEC2005 Benchmark Functions

Algorithm - F1s - 14
Median Mean STD. Median Mean STD.
DE 3.18E400 | 3.23E4+00 | 8.23E-01 | 1.34E+01 | 1.34E401 | 1.41E-01
RCMA 2.54E+00 | 3.96E4+00 | 5.38E-01 | 1.27E+01 | 1.26E+401 | 7.81E-02
IPOP-CMAES | 2.61E+00 | 2.49E4+00 | 5.13E-01 | 1.29E+401 | 1.29E+01 | 4.19E-01
RC-EA 8.89E+00 | 9.02E4+00 |2.28E+400| 1.33E+01 | 1.32E+01 | 2.92E-01
FEA 4.65E+00 | 5.57E+00 |2.80E4+00| 1.29E+401 | 1.29E+01 | 3.92E-01
Hy-RCGA 3.18E400 | 5.15E+00 |4.02E400| 1.23E+01 | 1.21E401 | 6.69E-01
G-DE 3.97E+00 | 4.18E4+00 |1.34E+400| 1.31E+01 | 1.31E+01 | 3.93E-01
EDA 6.86E+01 | 7.36E+01 |2.36E+01| 1.36E+01 | 1.36E+01 | 1.26E-01
SRPSO 1.53E400 | 2.27E+00 | 9.31E-01 | 1.19E401 | 1.12E+401 |2.55E+00
DMeSR-PSO |1.23E+400|1.47E+00| 4.22E-01 |1.10E+01 [1.11E401| 2.12E-01
Fis Fie
Median Mean STD. Median Mean STD.
DE 4.00E+02 | 3.60E+02 |1.08E+02| 2.28E+02 | 2.12E+02 |1.10E+02
RCMA 3.00E+02 | 3.56E+02 |1.51E+01| 4.00E+02 | 3.26E+02 |3.00E+01
IPOP-CMAES | 2.00E+02 | 2.08E+02 |2.75E+01|3.04E401 | 3.50E+01 | 2.04E+01
RC-EA 4.14E+02 | 4.11E+02 |4.37TE+01| 3.88E+02 | 3.81E+02 |4.54E+01
FEA 4.00E+02 | 3.41E+02 |9.49E+01| 4.00E+02 | 2.70E+02 |1.26E+02
Hy-RCGA 3.00E+02 | 3.04E+02 |7.35E+01| 5.87E+01 | 8.87E+01 |9.69E+01
G-DE 2.31E+02 | 2.58E+02 |6.71E4+01| 1.31E+02 | 1.91E+02 |1.22E+02
EDA 4.59E+02 | 4.81E+02 |4.67E+01| 2.58E+02 | 2.56E+02 |1.27E+01
SRPSO 3.33E+02 | 3.05E+02 [9.52E+01| 1.03E+02 | 1.37E+02 |1.06E+01
DMeSR-PSO |1.85E+4-02 |1.88E+4-02 | 1.24E+01 | 5.91E401 | 7.21E401 |1.65E+01
Fi7 Fis
Median Mean STD. Median Mean STD.
DE 2.53E+02 | 2.37TE+02 |1.22E+402| 9.04E+02 | 9.04E+02 | 3.13E-01
RCMA 1.96E402 | 2.79E+402 |2.76E+01 | 8.81E+4+02 | 8.78E+02 |3.23E+00
IPOP-CMAES | 2.13E402 | 2.91E402 |1.93E+02| 9.04E+02 | 9.04E+402 | 2.88E-01
RC-EA 4.65E+02 | 4.54E+02 |5.65E+01| 1.06E-+03 | 1.06E+03 |3.02E+01
FEA 2.85E4+02 | 3.15E+02 |1.25E+02| 9.58E+02 | 9.64E+02 |1.89E+01
Hy-RCGA | 8.34E+401| 1.35E402 |1.12E+02| 9.04E+02 | 9.04E+02 | 5.95E-01
G-DE 1.27E+02 | 1.45E+02 |7.02E+01| 8.63E+02 | 8.62E+02 |6.06E+00
EDA 2.88E402 | 2.88E+02 |1.05E401| 9.27E+02 | 9.28 E+402 |4.23E+00
SRPSO 1.51E402 | 1.80E+402 |2.94E+01| 8.54E+402 | 8.45E+402 |3.29E+01
DMeSR-PSO | 1.23E+02 |1.22E+02 |2.12E+01 | 8.29E+402 | 8.29E+02 | 3.77E-01
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Figure 4.7: Heat Map for the Mean Performance of the Selected Algorithms on all the Benchmark Functions
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Table 4.8: Performance Comparison among selected Evolutionary Algorithms on Fig-Foo

CEC2005 Benchmark Functions

Algorithm - F1o - F20
Median Mean STD. Median Mean STD.

DE 9.04E4+02 | 9.04E+02 | 6.25E-01 | 9.04E+02 | 9.04E+02 | 6.15E-01
RCMA 8.80E+02 | 8.80E+02 | 7.40E-01 | 8.80E+02 | 8.79E+02 | 8.48E-01
IPOP-CMAES | 9.04E+402 | 9.04E+02 | 2.71E-01 | 9.04E+02 | 9.04E+02 | 2.48E-01
RC-EA 1.04E+03 | 1.05E403 | 2.98E+01 | 1.05E4+03 | 1.06E+03 |4.33E+01
FEA 9.59E+02 | 9.43E+02 | 6.55E+01 | 9.72E+02 | 9.67TE+02 |4.21E+01
Hy-RCGA 9.03E+02 | 9.04E+02 | 5.13E-01 | 9.03E+02 | 9.03E+02 | 2.44E-01
G-DE 8.63E+02 | 8.62E+02 | 4.01E400 | 8.64E+02 | 8.63E+02 |3.60E+00
EDA 9.26E+02 | 9.26E+02 | 3.52E+00 | 9.27E4+02 | 9.27E+4+02 |4.44E+00
SRPSO 8.41E+02 | 8.38E+02 | 1.71E+401 | 8.41E+02 | 8.33E+02 |3.29E+01
DMeSR-PSO |8.29E+02 |8.28E+402| 1.94E+00 |8.29E+02|8.28 E+02 | 2.64E+00

F21 F22

Median Mean STD. Median Mean STD.

DE 5.00E+402 | 5.00E+02 | 0.000E400| 8.97E+02 | 8.97E+02 |1.33E401
RCMA 5.00E+02 |5.00E+02| 0.00E400 | 9.11E4+02 | 9.08E4+02 |1.69E+00
IPOP-CMAES | 5.00E+02 | 5.00E4-02 | 0.00E+00 | 8.00E+02 | 8.03E+02 | 1.86E+01
RC-EA 5.01E4+02 | 6.04E+02 | 2.18E+02 | 1.16E+03 | 1.16E+03 |2.94E+01
FEA 5.00E+402| 6.95E+02 | 3.20E4+02 | 1.08E+03 | 1.08E+03 |4.31E+401
Hy-RCGA |5.00E4-02 |5.00E4-02 | 0.00E400 | 8.77E4+02 | 8.74E+4+02 | 1.82E+01
G-DE 8.67TE+02 | 8.69E+02 | 4.48E400 | 5.61E+02 | 5.61E+02 |4.62E+00
EDA 5.06E402 | 5.31E4+02 | 1.19E402 | 8.97E+02 | 8.97E+02 |7.15E+00
SRPSO 5.00E+402 |5.00E+02| 0.00E400 | 5.19E+02 | 5.22E+02 |1.10E4-01
DMeSR-PSO |5.00E4-02 |5.00E4-02| 0.00E4+00 | 5.00E+02|5.09E+02 | 7.25E401

the algorithms, the mean performances are normalized on a 0 to 1 scale and plotted using
a heat map. The heat map of normalized mean performances of all the selected algorithms
is presented in figure 4.7. In the figure, the benchmark functions are represented by the
x-axis and the algorithms are represented on the y-axis. In the figure, the performances
are plotted on a gray scale map where black colour represents the best performance
whereas the white colour represents the worst performance. From the heatmap, one can
easily identify the poorly performing algorithms from the white patches and the better
performing algorithms from the black patches. Therefore, the peformance of RC-EA,

FEA and EDA on the set of benchmark functions can be termed as poor compared to
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Table 4.9: Performance Comparison among selected Evolutionary Algorithms on Fo3-Fo5 CEC2005 Benchmark Functions

Algorithm Fzs Fzq Fas
Median Mean STD. Median Mean STD. Median Mean STD.

DE 5.34E402 |5.34E402| 4.26E-04 |2.00E4-02|2.00E4-02 |0.00E4-00| 7.30E+02 | 7.30E+02 | 3.74E-01
RCMA 5.34E402 | 5.59E+402 |2.44E+01|2.00E4-02|2.00E4-02[0.00E+00| 2.11E4+02 {2.11E+02| 4.48E-02
IPOP-CMAES| 5.34E+02 |5.34E+402| 2.22E-04 | 9.39E+02 | 9.10E4+02 |1.48E+402| 2.10E+02 |2.11E402| 9.21E-01
RC-EA 8.58E+02 | 9.22E+4+02 [1.81E+402| 1.12E+03 | 1.10E+03 |1.21E4+02| 1.07E+403 | 1.03E+403 |1.92E+02
FEA 1.18E+03 | 9.10E+02 |3.32E+02|2.00E4-02| 3.28E+02 |3.54E+02|2.00E4-02| 5.17E+02 |[5.04E+02
Hy-RCGA | 5.70E402 | 5.87TE+402 |7.70E+01| 9.68E+02 | 8.77E4+02 [2.55E4+02| 2.11E+02 |2.11E+02]| 2.15E-01
G-DE 8.75E+02 | 8.75E+02 [3.55E400| 2.50E+02 | 2.50E+02 [3.22E400| 2.53E+02 | 2.53E+02 |1.36E+00
EDA 5.59E4+02 | 6.02E402 |1.51E402| 2.17TE+02 | 5.79E+02 |3.89E402| 2.13E+02 | 2.13E+02 | 9.33E-01
SRPSO 7.34E+02 | 7.88E+02 |9.03E+401| 2.08E+02 | 2.10E+02 [4.18E4-00| 1.27E+03 | 1.26E+03 |6.40E+400
DMeSR-~PSO [5.25E+02|5.34E+02|9.00E400|2.00E+02|2.00E+02 |0.00E4+00{2.00E4-02|2.11E+02|2.93E+01
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other algorithms. Similarly, the performance of IPOP-CMAES, SRPSO and DMeSR-
PSO can be termed as significant over others. One can also identify the most robust
algorithm from the heat map using the steady dark colour on the entire tested functions.
It can be seen that for DMeSR-PSO there is steady dark colour with an exception of
function Fg and this suggests that the performance is consistent over the entire benchmark
functions. Hence, one can conclude that DMeSR-PSO is a better performing algorithm

on the set of benchmark functions.

4.4.5 A statistical comparison

In order to further study the significance of the compared algorithms over each other, a
statistical test has been conducted using the non-parametric Friedman test on the average
rank followed by the pairwise post-hoc Bonferroni-Dunn test [128]. The average ranks of
the median and mean performances of all the algorithms are presented in table 4.10. The
table also contain the statistical test values of Friedman test and the Benforroni-Dunn
test. From the table, one can easily see that the average rank of DMeSR-PSO is lowest in
both the median and mean performances indicating it as the best performing algorithm.
According to average ranks, the performance of the selected algorithms can be ranked as

follows:

e Median Perforamnce: DMeSR-PSO followed by IPOP-CMAES, SRPSO, Hy-
RCGA, RCMA, DE, G-DE, FEA, RC-EA and EDA respectively.

e Mean Perforamnce: DMeSR-PSO followed by IPOP-CMAES, SRPSO, Hy-
RCGA, RCMA, DE, G-DE, FEA, EDA and RC-EA respectively.

Further, the statistical test results are also included in the same table 4.10. The computed
F-scores of the Friedman test are 22.4735 and 26.8261 for median and mean performances
respectively. In this study, there are 10 algorithms and 25 functions for which the Fried-

man F-critical value obtained from the F-table is 1.9234. Since, the F-critical value is
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Table 4.10: Average Ranks and Statistics for o = 0.05 significance level

Algorithms Aver.age Rank on | Average Rank on
Median Values Mean Values
DE 5.38 5.34
RCMA 4.94 4.90
[POP-CMAES 3.20 3.70
RC-EA 8.36 8.68
FEA 7.38 7.94
Hy-RCGA 4.36 4.14
G-DE 5.98 5.90
EDA 8.56 8.22
SRPSO 4.26 3.94
DMeSR-PSO 2.58 2.24
F-score (Friedman) 22.4735 26.8261
Critical ~ Difference
(Benforroni-Dunn) 12128 11648

comparatively much smaller than the computed F-scores in both the cases therefore;
the null hypothesis can be easily rejected. Hence, it may be concluded that the perfor-
mance of algorithms selected for comparison on the CEC2005 benchmark functions are
significantly different from each other.

Next, the significance of the performance of DMeSR-PSO over other algorithms can
be accessed using the Benforroni-Dunn test. The minimum required difference in the
average ranks to signify an algorithm over others is 1.2128 for median values and 1.1648
for mean values. The average rank difference between DMeSR-PSO and IPOP-CMAES
in median performance is 0.62 which suggest that the median performances of DMeSR-
PSO and IPOP-CMAES are similar to each other. Further, the average rank difference
between DMeSR-PSO and the third ranked algorithm SRPSO is 1.68 which is greater
than 1.2128. Hence, for the median performance it can be concluded that DMeSR-PSO
has significantly provided better results compared to all the other selected evolutionary
algorithms with 95% confidence level and its performance is similar to the IPOP-CMAES
algorithm. The average rank difference between DMeSR-PSO and IPOP-CMAES in
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mean performance is 1.46 which is greater than the critical value of 1.1648. Hence, it can
be concluded that the mean performance of DMeSR-PSO is significantly better than all
the other selected algorithms with a confidence level of 95%.

In this chapter, a human social intelligence inspired PSO algorithm incorporating the
mentoring and self-regulating schemes has been presented. The algorithm is referred to as
Dynamic Mentoring and Self-Regulation based Particle Swarm Optimization (DMeSR-
PSO) algorithm. In DMeSR-PSO, the particles are divided into three different groups
of mentors, mentees and independent learners where each group performed search using

different learning strategy. The particles utilized the following strategies:
e The dynamic mentoring scheme,
e Self-Regulating inertia weight scheme and
e Self-perception based selection of direction from the global best position.

Using the schemes, the algorithm utilizes the human self-learning and socially shared

information processing strategies simultaneously and it has successfully:
e Improved the convergence characteristics of the SRPSO algorithm.

e Provided faster convergence closer to the optimum solution with robustness on

diverse CEC2005 benchmark problems.

e Statistically outperformed the widely accepted state-of-the-art search based opti-

mization algorithms.

Hence, it may be concluded that the idea of human socially shared information pro-
cessing strategy applied to the PSO algorithm has successfully enhanced its convergence
characteristics. Further, from the experimental results one can see that the performance
of DMeSR-~PSO is better than others but still it has converged to a point which is not

the optimum solution. This suggests that the mentoring scheme where sometimes the
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mentees are allowed to learn themselves could have prevented the algorithm to move to-
wards the optimum solution. A more stiff scheme, where the lesser performing particles
are fully guided by elite particles can help in achieving improved performance.

In the next chapter, a socially guided interaction among the particles has been im-

plemented in the SRPSO algorithm to enhance its convergence.
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Chapter 5

Directionally Driven Self-Regulating
Particle Swarm Optimization
Algorithm

In chapters 3 and 4, two new PSO variants have been proposed inspired from human
self-learning principles and human socially shared information processing strategy respec-
tively. The SRPSO algorithm introduced in chapter 3 employed self-regulating inertia
weight for the best particle and self-perception based strategy for others. Furthermore,
the dynamic mentoring scheme together with the self-regulation scheme was introduced
in chapter 4 as the DMeSR-PSO algorithm. Both the algorithms have exhibited sig-
nificant performance improvement with accuracy and robustness. It has been observed
that the performance has suffered due to lack of guidance in the proposed strategies.
Further, recent studies have indicated that the nature of real-world optimization prob-
lems have become extremely complex with the association of increasing dimensionality,
differentiability, multi-modality and rotation characteristics [150]. In this chapter, a new
algorithm has been proposed with a socially guided interactive learning scheme together
with a rotational invariant scheme to address the complexities associated with optimiza-

tion problems.
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5.1 Overview

The increasing complexity in the nature of real-world problem has raised several new
difficulties. One of these major difficulties is the rotation of search space which requires
a rotationally invariant optimization algorithm for providing accurate solutions. If any
problem contains the rotation characteristics then its dimensions become non-separable
which makes it extremely difficult for any rotationally variant optimization algorithm
to locate the true optimum solution. Therefore, any algorithm performing the dimen-
sion wise optimization of such a problem will not be able to locate the true optimum
solution. It has been theoretically proven in [151] that the PSO algorithm performs the
optimization separately along each dimension as the velocity update is carried out along
dimension by dimension. This clarify that PSO is a rotationally variant optimization
algorithm and its performance is affected by the rotation of the search space. Similarly,
SRPSO and DMeSR-PSO proposed in this thesis are also rotationally variant algorithms.
In this chapter, a rotationally invariant scheme has been proposed to tackle with rotated
optimization problems.

It has also been observed in the previous chapter that in most of the cases the obtained
results are far away from the true optimum value. The mentoring learning scheme allows
the mentees to perform self-learning and therefore the mentee particles in DMeSR-PSO
were also allowed to perform self-learning during the search. This might have prevented
the least performing particles from acquiring a better learning strategy as they do not
get the required support from the better performing particles to get a directional update
towards potentially better search areas and eventually contribute towards convergence.
Therefore an immutable guidance scheme has been proposed for the lesser performing
particles to strict them towards learning from the elite particles. In real-life, it has been
observed that when people learn in group, the least efficient among them are always
connected with efficient learners from whom they take guidance for performance im-

provement. For example, during the learning phase of driving a car one always need
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to take driving guidance from an expert. The expert is always closely connected with
the learner and guide him the techniques of driving. Once the person learns the driving
techniques, then the expert allow him to drive. Similarly, such a guidance is required by
the lesser performing particles for their performance improvement.

Incorporating these ideas, a new rotationally invariant and socially guided PSO has
been proposed in this chapter referred to as Directionally Driven SRPSO (DD-SRPSO)
algorithm. In the next section, the detailed description of DD-SRPSO algorithm is

presented.

5.2 Directionally Driven Self-Regulating Particle Swarm
Optimization Algorithm

The DD-SRPSO algorithm addresses the issue regarding the rotation variance of the
search space (the optimum solution cannot be located by optimizing the objective func-
tion along each dimension separately). The importance of socially shared information
in a learning environment is used here to develop a directional update strategy for the

poorly performing particles. In DD-SRPSO algorithm, two new learning strategies have

been added to the basic SRPSO algorithm:
e A Directional Update strategy and
e A Rotational Invariant strategy.

With the inclusion of two new strategies, the DD-SRPSO algorithm combines 4 different
learning strategies for the particles. Next, the new proposed strategies are described in

detail.

5.2.1 Directional update strategy

The directional update strategy is inspired by the human social interactions that occur in

the real world. In human learning psychology, a less efficient learner always seeks guidance
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from efficient learners for acquiring a proper awareness of the learning environment and to
eventually enhance his learning abilities [1]. These poor learners are not only dependent
on the best learner but they also seek guidance from other top learners. This motivated
us to select a social interactive mechanism for poorly performing particles of the SRPSO
algorithm. In the directional update strategy, a group of elite particles from the top
performing particles are selected to update the search directions of the group of poorly
performing particles. Both the groups have been selected as a fraction of the entire
swarm size represented by €. The value of € has been selected after several experimental
evaluations as 0.05 (5% of the total population). In other words, if the swarm size is 80,
top 4 and bottom 4 particles will be selected for the group of elite particles and poorly
performing particles respectively. The guidelines for the selection of € is provided later
in the results section. The selection process is described in Figure 5.1. In the figure,
it is shown that the total particles 'n’ are first sorted according to their performances.
Then the top 5% particles are selected in the group of elite particles and the bottom 5%
particles are selected in the group of poorly performing particles.

All the poorly performing particles will have a full social-cognition (they will always
follow the global search directions). In addition, any three particles from the elite group
will be randomly selected and the median of the personal best of these three particles

will be used as the personal best for the poorly performing particle. Note that if the elite

112 3 .e n-2 |n-1| n
‘ Sorting from best to least performer
Best [2™best| .o [ e | e | | e | e Least-1| Least
| J { J
Y Y
Elite Particles(5% of swarm size) Least Performing Particles (5 % of swarm size)

Figure 5.1: Division of particles in Elite and Poorly Performing particles Groups
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group contains smaller than three particles then the top three performing particles will be
selected. This has been done to prevent the particle from biasing towards a single particle
that might lead to a position further away from the global optimum. The selection of the
personal best for poorly performing particles using the median of three particles in shown
in Figure 5.2. In the figure, Particle A,B and C are the randomly selected three particles
from the elite group and the median is the centroid of the personal best positions of the

three particles.

Particle A

MEDIAN

Particle B Particle C

Figure 5.2: Selection of Personal Best for Poorly performing particles

The velocity update equation for the poorly performing particles is given by:
Vit = o Vi + em (1P, — XL ) + cora(Ply — Xig) (5.1)

where [P}, is the median of personal best of three particles from the elite group and 'k’
is the particle from the poorly performing particles group. The rationale of this strategy

is to improve the exploitation ability of the poorly performing particles by following the
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guidance of the top performing particles. Hence, the poorly performing particles are
able to move closer to the optimum value that is defined by the group of top performing
particles. The group fraction ¢ = 0.05 has been selected because the size of the group
will affect the stability of exploitation process. The bigger size of the group leads to
instability in exploitation as more particles will get involved as guides for the poorly

performing particles.

5.2.2 Rotationally invariant strategy

The rotationally invariant strategy to enable the particles to tackle problems with the
rotational characteristics of the search space has been recently proposed in SPSO-2011
[152]. In SPSO-2011, the velocity update process has been carried out by exploiting
the idea of rotational invariance which has significantly enhanced the algorithm’s perfor-
mance. The rotational invariance strategy is defined by a center of gravity denoted by 3@
for the iy, particle calculated around three points; z (current position of the particle),
a point slightly beyond ?Z (personal best position of the particle) and a point slightly
beyond fz (Local best position). This a is then used to generate a hyper-sphere and
a random point is selected in the hyper-sphere as the new current position of the par-
ticle to incorporate the rotationally invariant characteristics in the particles. Improved
performance has been observed by SPSO-2011 on rotated multimodal functions, but this
algorithm has shown weakest performance for all the composition problems. The calcu-
lation of a has been performed using the local neighbourhood information which has
kept the particles unaware of the global best location.

In DD-SRPSO, the calculation of a is performed using the global best location.
Therefore, for a given particle i, the center of gravity 31 is defined by three points: Z
(current position of the particle), a point slightly beyond ﬁi (personal best position of
the particle) represented as ﬁ and a point slightly beyond f_’; (Global best position best
position) represented as }75. Further, the gravity calculation is dependent on the self-

ﬁ

_>
perception of particles for global search directions pf°. If p;® = 1, the gravity will be
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Figure 5.3: Center of Gravity calculation for the Hypersphere

calculated using the global best value otherwise the gravity will only be calculated using

only z and ﬁ Both these scenarios are clearly shown in Figure 5.3. Figure 5.3(a)

describes the scenario where ]? = 1 and the particles perform search following social
cognition. Figure 5.3(b) describes the scenario where ]? = 0 and the particle performs

a search without social cognition.

Mathematically, the calculation of G, is represented by the following set of equations:

%
o= X4 e ® (P — X0 (5.2)
— - =
P = X 4 o (P - X (5.3)
— 107+1o79+)7 if ﬁ 1
Gi=q22% = (5.4)
IS ifp =0

= T — =
This Gy is then used to randomly select a point X.* in the hypersphere H;(Gy, ||G: —
%

X!)- The velocity update equation for providing the particles rotationally invariant

characteristics is given by:

— = o i —
Vi = wVi + Hi(G 1G] = Xl = X (5.5)

(2
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Figure 5.4: Percentage of Particles in each strategy
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The position update equation of all the particles is the same as that of SRPSO defined
by equation 4.6.

To summarize, the DD-SRPSO algorithm is an improved variant of the SRPSO algo-
rithm with two newly proposed learning strategies, viz., the directional update strategy
and the rotational invariant strategy in addition to the self-regulating and self-perception
strategies of the basic SRPSO algorithm. Next, the selection of particles to perform the

search using either of the above strategies is presented.

5.2.3 Selection of particles for each strategy

In the DD-SRPSO algorithm, the best particle employs a self-regulated inertia weight
strategy, whereas the poorly performing particles employ a directional update strategy.
The assigning of the remaining two strategies to all the other particles is performed using
a uniformly distributed random number within the range of [0, 1],0 ~ U([0,1]). All the
remaining particles are assigned a random number and a threshold value § has been

defined to divide the particles into two groups for adopting either the self-perception in
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global search direction strategy or the rotational invariant strategy. Some experiments
have been carried out to determine a suitable value for § and is presented in the section
5.3.2. The best possible value selected for § is 0.6 and according to this value all the
particles will perform a search using rotational invariant strategy if 6 > [ otherwise the
search will be performed using self-perception in the global search direction strategy.
The approximate percentage of particles in each strategy, according to the above defined

criteria for a swarm size of 100 particles is summarized in Figure 5.4.

5.2.4 Analysis and impact of the proposed learning strategies

The DD-SRPSO algorithm is equipped with different learning strategies for different
particles and collectively the learning strategies are contributing towards its improved
performance. To analyse the working of DD-SRPSO and show the benefits of the pro-
posed strategies in detail, a unimodal rotated high conditional elliptic problem, as defined
in [153], has been selected for illustration here. The problem is a smooth, non-separable,
ill-conditioned and rotated function defined as:
D )
folw) = 3 (10°) 512} + f3 (5.6)
i=1
where D is the dimension, f; represents the shifted global optimum. Further details
about the problem are available in [153].

The experiments have been conducted on a 50 dimensional problem with a swarm
size of 50 particles and the function evaluations have been set to 5000xD. A set of
seven different experiments was conducted 30 times to evaluate the working of each
of the individual strategies and the mean performance on each of the experiments is
shown in Figure 5.5. From the figure, it can be seen that the performance of SRPSO
is much better than that of the basic PSO algorithm. Further, with the addition of
the rotational invariant strategy, both the algorithms observe marginal improvement in

their performances. In addition, when the directional update strategy is applied to PSO
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Figure 5.5: Impact of Learning Strategies

and SRPSO, both experience better improvement in their convergence. Finally, when
both the rotational invariant and directional update strategies are applied to the SRPSO
algorithm, the performance is significantly enhanced as represented by the convergence
plot of the DD-SRPSO algorithm.

Incorporating all the above strategies, the pseudo-code for DD-SRPSO is summarized
below in Algorithm 3.

5.3 Experimental Setup, Performance Evaluation and
Discussion

This section presents the performance analysis of DD-SRPSO compared to well-known

PSO variants and other evolutionary algorithms. First, in this section, the selected
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Initialization:

for

the particles (i) do
Initialize the position X; randomly in the search range (X,nin, Xmaz)
Randomly initialize velocity V;

end
Using the fitness function, calculate the fitness values;
From X;, determine the personal best position;

The
whi

end

DD-SRPSO Loop:
le (success= 0 and t < max__iterations) do
Find the best fitness value from the entire swarm;
Let the position be the global best;
Sort all particles w.r.t the fitness values;
Group the top 5% particles as the elite particles;
Group the bottom 5% particles as the poorly performing particles;
for the best particle do
Calculate the inertia weight w using equation (3.4);
Update the velocity using equation (3.6);
end
for the poorly performing particles do
Randomly select 3 particles from the group of elite particles;
for j =1: Dimension do
Calculate the median of the personal best of the 3 particles;
Update the velocity using equation (5.1);
end
end
for the remaining particles do
Generate the random number § and set 5 = 0.6;
for j =1: Dimension do
Generate a using uniform random distribution;
if (@ >0.5), then
The dimension from global best is selected
else
the dimension is rejected
end
if (6 > ), then
Calculate G4 using equation (5.4)
Update the velocity using equation (5.5)
else
Update the velocity using equation (3.7)
end
end
end
Update the position of each particle using equation (4.6);

Algorithm 3: The DD-SRPSO Algorithm
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benchmark functions are discussed followed by analytical study of the proposed strategies.
Next, the experimental evaluation is provided for comparative analysis. Finally, the

significance of performance has been proved.

5.3.1 Benchmark functions

As stated in the introduction, the nature of complex real world problems is associated
with rotated characteristics together with increased dimensionality and multi-modality.
Therefore, the choice of benchmark problems for DD-SRPSO performance evaluation
should address these problems. One of the recently proposed benchmark function, the
CEC2013 [153] problem sets are specifically designed to address the recent issues of the
optimization problems. The same CEC2013 [153] benchmark functions have been used
in this study for experimental evaluation.

The selected CEC2013 benchmark functions [153] are the collection of twenty-eight
complex, rotated and shifted problems. In this test suite, all the composition functions
have been improved with the inclusion of control parameters and weights for each selected
function. With the help of these parameters, the properties of each function are merged
together in the composition function. The CEC 2013 benchmark functions [153] broadly

fall into three major groups (based on their characteristics):
e Unimodal functions (F; - F5),
e Basic Multimodal functions (Fg - Fa) and
e Composition functions (Fg; - Fag).

The global optimum solutions for all the test functions are shifted to o = [01, 09, , 0p]
and all of them are defined in the same search range of [—100, 100]”. The characteristics
of the functions are made more complex by introducing My, Mas, - - - , M3 which are the
orthogonal (rotation) matrices used to rotate the functions. Further details about the

benchmark functions are given in [153].
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5.3.2 Guidelines for the selection of particles for each strategy

The DD-SRPSO algorithm is performing optimization by utilizing different strategies for
different group of particles. It is necessary to choose an appropriate number of particles
to undergo a defined strategy and eventually provide the best solutions. In DD-SRPSO,

there are two main selections involved:

e Selection of particles in the group of elite particles and poorly performing particles

to undergo directional update learning scheme.

e Selection of particles to perform search either by using rotational invariant strat-
egy or the self-perception in global search direction strategy for all the remaining

particles.

In this study, the first selection is represented as a fraction over the swarm size (¢).
The value of ¢ is equal for the elite and poorly performing particles from the entire swarm
i.e. a value of 0.1 means that top 10% better performing particles are selected in the elite
group and the bottom 10% performing particles are selected in the poorly performing
particles’ group. The second selection is represented by a constant S. Here the selection
is done in such a way that for g = p, where p represents the the percentage of particles,
will perform search using self-perception in the global search direction strategy. All the
remaining particles will perform the search using the rotational invariant strategy.

A set of experiments were conducted using the following different values:
e = = (.03, 0.05 and 0.1
e 5 =0.4,0.50.6 and 0.7

Every possible combinations of the selected values for € and 3 have been tested to find
the best possible combination. The experiments have been conducted on the following

benchmark functions:
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e Two unimodal functions: Fy and Fy,
e Three multimodal functions: Fg, F15 and Fig and
e One composition function: Fas.

The experiments were conduction on the 50D problems using a swarm size of 100
particles. . The experiments were conducted 30 times and every time the total number
of function evaluations was set to 250,000. Finally, the mean and standard deviation
performances from the different settings of algorithm are reported.

Table 5.2 presents the mean and standard deviation of the performances for all the
different settings for the DD-SRPSO algorithm. From the table, it can be seen that
two of the settings from the twelve different combinations are providing better solutions.
These two settings are ¢ = 0.05 and § = 0.6 and € = 0.05 and § = 0.5. Among them,
the first setting is providing best solutions in 4 out of the 6 selected functions whereas
the second setting is only providing the best solutions in two functions. From these
observations, it may be inferred that the value of ¢ = 0.05 is the best possible group
size for the directional update strategy. Furthermore, the selection of § = 0.6 is the best
value for selection of particles to undergo the self-perception in global search direction
strategy.

To further visualize the performance of each setting, a heat map of the normalized
performances is presented in figure 5.6. The twelve different settings, starting from
DD-SRPSO (£=0.03, 5=0.4) till DD-SRPSO (¢=0.1, §=0.7) are represented along the
x-axis of the graph as setl till set12 respectively. The selected benchmark functions are
presented on the y-axis of the graph. From the figure, one can easily identify that set7
representing the setting e=0.05, 5=0.6 is the best performer among all other settings. It
has provided consistent solutions on the set of selected benchmark functions. Therefore,

the same values of € and [ are selected for all the further experimentation.

110



CHAPTER 5. DD-SRPSO

Table 5.1: Strategy analysis on selected CEC 2013 Benchmark Functions

Func. Algorithm Mean STD.
DD-SRPSO (¢=0.03, 5=0.4) | 4.52E+06 | 7.54E+05
DD-SRPSO (¢=0.03, 3=0.5) | 5.64E+06 | 9.12E405
DD-SRPSO(¢=0.03, 5=0.6) | 2.62E4+06 | 2.07E-+06
DD-SRPSO (¢=0.03, 5=0.7) | 6.47E+06 | 3.72E+06
DD-SRPSO (¢=0.05, 5=0.4) | 3.45E+06 | 1.49E+06

. DD-SRPSO (¢=0.05, 8=0.5) | 3.10E4+06 | 1.10E4+06
2| DD-SRPSO (¢=0.05, 3=0.6) | 2.09E406 | 6.88E+05
DD-SRPSO (¢=0.05, 5=0.7) | 8.11E+06 | 6.10E406
DD-SRPSO (¢=0.1, 3=0.4) | 6.37TE+06 | 8.24E406
DD-SRPSO (¢=0.1, f=0.5) | 4.59E+06 | 2.95E406
DD-SRPSO (¢=0.1, f=0.6) | 5.12E+06 | 5.56E+06
DD-SRPSO (¢=0.1, 5=0.7) | 6.18E+06 | 6.44E+06
DD-SRPSO (¢=0.03, 5/=0.4) | 1.01E+04 | 1.98E+03
DD-SRPSO (¢=0.03, =0.5) | 9.03E4+03 | 1.26E+03
DD-SRPSO(£=0.03, 5=0.6) | 8.50E+03 | 1.07E+03
DD-SRPSO (¢=0.03, 5=0.7) | 7.78E+03 | 1.11E403
DD-SRPSO (¢=0.05, 5=0.4) | 9.40E+03 | 1.47E403

. DD-SRPSO (¢=0.05, =0.5) | 8.86E+03 | 1.49E+03
4| DD-SRPSO (¢=0.05, /=0.6) | 7.47E4+03 | 8.50E+02
DD-SRPSO (¢=0.05, 5=0.7) | 8.89E+03 | 2.59E+03
DD-SRPSO (¢=0.1, 3=0.4) | 9.57E+03 | 2.17E403
DD-SRPSO (¢=0.1, 3=0.5) | 8.71E+03 | 1.61E403
DD-SRPSO (¢=0.1, $=0.6) | 9.51E+03 | 1.72E403
DD-SRPSO (¢=0.1, f=0.7) | 9.05E+03 | 1.71E403
DD-SRPSO (¢=0.03, 5=0.4) | 4.64E+01 | 8.11E-01
DD-SRPSO (¢=0.03, =0.5) | 4.59E+01 | 1.10E+00
DD-SRPSO(£=0.03, 5=0.6) | 4.58E4+01 | 6.60E-01
DD-SRPSO (¢=0.03, 5=0.7) | 4.58E+01 | 3.81E-01
DD-SRPSO (¢=0.05, $=0.4) | 4.62E+01 | 1.19E+00

. DD-SRPSO (¢=0.05, =0.5) | 4.60E+01 | 1.06E+00
o | DD-SRPSO (¢=0.05, $=0.6) | 4.41E4+01 | 1.22E+00
DD-SRPSO (¢=0.05, 5=0.7) | 4.68E+01 | 1.33E+00
DD-SRPSO (¢=0.1, =0.4) | 4.63E+01 | 1.62E400
DD-SRPSO (¢=0.1, 3=0.5) | 4.58E+01 | 9.13E-01
DD-SRPSO (¢=0.1, f=0.6) | 4.60E+01 | 1.53E400
DD-SRPSO (e=0.1, f=0.7) | 4.59E+01 | 1.16E400
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Table 5.2: Strategy analysis on selected CEC 2013 Benchmark Functions

Func. Algorithm Mean STD.
DD-SRPSO (¢=0.03, 3=0.4) | 9.97E4+01 | 1.89E+01
DD-SRPSO (£=0.03, 5=0.5) | 1.01E4+02 | 3.15E+01
DD-SRPSO(£=0.03, 3=0.6) | 1.04E+02 | 2.59E-+01
DD-SRPSO (¢=0.03, 3=0.7) | 9.57E4+01 | 1.36E+01
DD-SRPSO (£=0.05, A= 04) 1.08E+02 | 2.00E+01

P DD-SRPSO (¢=0.05, 3=0.5) | 8.34E401 | 1.60E+01

2| DD-SRPSO (e=0.05, f= 06) 8.97E+01 | 1.72E+01
DD-SRPSO (£=0.05, 3=0.7) | 1.12E4+02 | 2.47E+01
DD-SRPSO (¢=0.1, 3=0.4) | 1.04E+02 | 1.90E+01
DD-SRPSO (¢=0.1, f=0.5) | 9.23E+01 | 1.77E401
DD-SRPSO (¢=0.1, f=0.6) | 9.03E+01 | 1.71E401
DD-SRPSO (e=0.1, $=0.7) | 8.77E4+01 | 1.22E+01
DD-SRPSO (¢=0.03, 3= 04) 3.14E4+02 | 2.65E+01
DD-SRPSO (£=0.03, 3=0.5) | 3.38E4+02 | 2.70E+01
DD-SRPSO(£=0.03, 3=0.6) | 3.25E+02 | 4.16E-+01
DD-SRPSO (¢=0.03, 3=0.7) | 3.50E+02 | 1.62E+01
DD-SRPSO (£=0.05, 8= 04) 2.18E+02 | 8.21E+01
P DD-SRPSO (¢=0.05, 3=0.5) | 1.66E4+02 | 3.87E+01
¥ | DD-SRPSO (e=0.05, f= 06) 1.99E4+02 | 9.59E+401
DD-SRPSO (£=0.05, 3=0.7) | 2.92E+02 | 1.11E+02
DD-SRPSO (¢=0.1, 3=0.4) | 2.04E+02 | 6.98E+01
DD-SRPSO (e= 0.1,5 0.5) | 2.24E+02 | 6.24E+01
DD-SRPSO (¢=0.1, f=0.6) | 2.15E+02 | 9.28E401
DD-SRPSO (e=0.1, $=0.7) | 2.32E402 | 8.46E+01
DD-SRPSO (¢=0.03, 3= 04) 3.16E4+02 | 1.65E+01
DD-SRPSO (¢=0.03, 3=0.5) | 3.11E4+02 | 1.00E+01
DD-SRPSO(£=0.03, = 06) 2.99E+02 | 1.30E+01
DD-SRPSO (£=0.03, 3=0.7) | 3.07E4+02 | 1.63E+01
DD-SRPSO (£=0.05, 8= 04) 2.93E+02 | 1.13E+01
P DD-SRPSO (£=0.05, 3=0.5) | 3.07E+02 | 1.60E+01
» | DD-SRPSO (£=0.05, A= 06) 2.78E+02 | 1.49E+401
DD-SRPSO (£=0.05, 5=0.7) | 2.89E+02 | 1.03E+01
DD-SRPSO (¢=0.1, 3=0.4) | 2.98E+02 | 1.43E+01
DD-SRPSO (¢=0.1, f=0.5) | 3.01E+02 | 8.56E400
DD-SRPSO (¢=0.1, f=0.6) | 3.12E+02 | 1.57E401
DD-SRPSO (¢=0.1, f=0.7) | 3.21E+02 | 1.46E401
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Figure 5.6: Heat map of the performance of different settings in the DD-SRPSO algorithm

5.3.3 Experimental results, comparison and discussion

In this section, performance of DD-SRPSO has been compared with well-known PSO

variants and other evolutionary algorithms on all the CEC2013 benchmark functions.

5.3.3.1 Selected algorithms for comparison and parameter settings

It has been observed in the performance evaluation of SRPSO in chapter 3 that the per-
formance of CLPSO, DMSPSO, FIPS were comparatively better than other selected algo-
rithms. Therefore, only these three algorithms are selected in this evaluation. Further, a
recently proposed human learning principles inspired algorithm has also been selected in
this study. Further, from the performance evaluation of DMeSR-PSO in chapter 4, it was

observed that CMAES was significantly better than other algorithms and equally good
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as DMeSR-PSO. CMAES together with some recently proposed evolutionary algorithms

are included in the study. Finally, the performance of the two proposed algorithms in

this thesis (SRPSO and DMeSR-PSO) is also compared with DD-SRPSO. To summarize,

the following algorithms have been selected for comparison:

i

ii

1ii

iv

The Fully Informed Particle Swarm (FIPS) [32]: The algorithm introduced a
novel concept of search strategy for performance update during the search process.
Here, the particles perform search using a weighted sum of the neighboring particles

that resulted in better solutions on selected problems.

Dynamic Multi-Swarm Particle Swarm Optimizer (DMSPSO) [89]: A novel
concept of dynamically changing neighborhood in the search process has been in-
troduced in the algorithm that has provided much better convergence towards the

optimum solution compared to the fixed neighborhood search.

Comprehensive Learning Particle Swarm Optimization (CLPSO) algorithm
[35]: The algorithm is one of the most promising PSO variant widely accepted by the
evolutionary community proven to be an efficient algorithm in accelerating the con-
vergence towards the optimum solution. Compared to other variants of PSO, CLPSO

searches more potential regions of the search space to find the global optima.

Standard Particle Swarm Optimization (SPSO2011) algorithm [154]: A
newly proposed rotationally invariant version of the PSO algorithm. The algorithm
has shown faster convergence characteristics with robustness on the rotated problems.

The algorithm has recently been tested on the CEC2013 benchmark functions in [152].

Social Learning Particle Swarm Optimization (SL-PSO) algorithm [40]:
Recently proposed SL-PSO inspired by human social learning concepts has incorpo-
rated the idea of learning from any better performer from the group. The algorithm

has consistently provided competitive results on complex functions.
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vi

vii

viii

ix

Covariance Matrix Adaptation Evolution Strategy (CMAES) [8]: One of
the most efficient and promising optimization algorithm developed using the covari-
ance matrix of the normal mutation search distribution. Recently, Caraffini et al.
proposed a much efficient CMA-ES variant utilizing the super-fit scheme referred to
as CMAES with Re-sampled Inheritance Search (CMAES-RIS) and tested on the
CEC2013 benchmark functions [155] where highly efficient solutions were achieved.

Self Adaptive Differential Evolution (SaDE) [156]: The algorithm is one of the
most promising PSO variant widely accepted by the evolutionary community proven
to be an efficient algorithm. Recently, SaDE has been proposed with more strategies
for better performance referred to as Self-adaptive jDEsoo algorithm for solving the

complex CEC2013 benchmark functions in [157].

Genetic Algorithm with Three Parent Crossover (GA-TPC) [158]: GA-
TPC is a new variant of GA equipped with a diversity operative and generates three
new offspring in every generation. The algorithm has successfully provided optimal/

near-optimal solutions to diverse problems.

Self-Regulating Particle Swarm Optimization (SRPSO) algorithm [140]:

The algorithm proposed in chapter 3 in this thesis.

Dynamic Mentoring and Self-Regulation based Particle Swarm Optimiza-
tion (DMeSR-PSO) algorithm [159]: The algorithm proposed in chapter 4 in

this thesis.

To have a fair comparison of performance, all the guidelines defined in the CEC2013

[153] evaluation criteria has been followed for systematic performance evaluation of DD-

SRPSO. All the parameter setting and reported results for all the selected algorithms

are adopted from their respective articles. The experiments have been conduction on the

50D CEC2013 benchmark functions using a swarm size of 100 particles. For all three
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human learning principles inspired PSO variants, SRPSO, DMeSR-PSO and DD-SRPSO

the following settings have been used in the experimentation:

e w=1.05-0.5,

¢ = ¢y = 1.49445,

Vmax = 0.1 * Range

Function Evaluations = 500000

Total Run = 51 times

5.3.3.2 Performance evaluation

The mean and standard deviation of the performance for all the selected algorithms are
provided in the tables 5.3 to 5.5. Table 5.3 presents the performance of the algorithms
on the first 12 benchmark functions (F;-Fi5). Table 5.4 contains the results for the
next 12 benchmark functions (Fy3-Fa4) and table 5.5 contains the results for the final 4
benchmark functions (Fos-Fag).

From the tables, one can easily identify that the CMAES-RIS has outperformed all
the other algorithms on the unimodal functions by a significant margin. In fact, it
has achieved the global optimum solution on the benchmark functions Fy and F, that
none of the compared algorithms have achieved. This suggests that the CMAES-RIS
algorithm is the most suited for unimodal functions. There is a completely different
scenario in the case of basic multimodal functions (Fg-Fgy) and composition functions
(Fo1-Fag). A mixed performance among the algorithms has been observed on the basic
multimodal functions. Here, GA-TPC and CLPSO have provided best solutions in one
function each where CLPSO is the best performer in function Fi; and GA-TPC is best
performer in function Fig. Similarly, SL-PSO has produced the best performance in two

functions, F7; and Fg whereas CMAES-RIS has achieved the best performance in three
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functions, Fg, Fi1g and Fi6. The best performance among the selected algorithms in
this category of benchmark functions has been achieved by DD-SRPSO and jDEsoo as
they both have produced best performance in 4 functions. DD-SRPSO has achieved the
best performance in functions Fg, Fio, Fi5 and Foy and jDEsoo has achieved the best
performance in functions Fi3, Fq4, F17 and Fyg.

Among the composite functions, the performance of DD-SRPSO is significantly better
than all the other algorithms as it has provided best solutions in 4 out of 8 composite
functions whereas none of the other algorithms has provided best solutions in more than
2 functions. The performance of five algorithms FIPS, CLPSO, SL-PSO, DMeSR-PSO
and DD-SRPSO is identical in function Fsg where all have achieved the same solution.
It may be noted that the algorithms producing best results in function Fog are all PSO
variants which suggest that PSO variants are most suitable for such a problem. In
function Fss, jDEsoo has produced the best result and SL-PSO has achieved the best
solution in function Fy;. The performance of CMAES-RIS is best in functions Fy; and
Fos whereas DD-SRPSO has provided the best performance in functions Fa3, Foy and
Fos.

It should be noted that, the performance of DD-SRPSO is not good in functions Fy,
Fi4 and Fy7 as SRPSO and DMeSR-PSO has produced better mean performances on
these functions. If one study the characteristics of these functions, it will be seen that
these problems are simple multimodal functions without rotated properties. Since, DD-
SRPSO algorithm has been designed for the rotated problems, therefore its performance
is marginally inferior to SRPSO and DMeSR-PSO on these functions.

Overall, DD-SRPSO has achieved the best mean performance in 11 out of the 28
benchmark functions whereas CMAES-RIS has provided better mean performances in 10
benchmark functions. This indicates that the performance of DD-SRPSO and CMAES-
RIS are comparable on the set of benchmark functions whereby CMAES-RIS is the best
performer on the unimodal functions and DD-SRPSO is the best performer on the com-

position functions. Furthermore, both have exhibited more or less similar performances

117



CHAPTER 5. DD-SRPSO

Table 5.3: Performances Evaluation on F;-F;5» CEC2013 Benchmark Functions

. Fi Fo F3
Algorithm Mean STD. Mean STD. Mean STD.
FIPS 0.00E4-00 | 0.00E+400 | 2.71E407 | 5.01E406 | 6.61E408 | 2.82E408
DMSPSO 8.27E-06 1.12E-05 1.11E407 | 5.91E406 | 3.58E+08 1.74E4-08
CLPSO 0.00E4-00 | 0.00E+400 | 6.55E407 | 9.86E406 | 5.92E409 | 1.69E409
SPS02011 0.00E+4-00 | 0.00E4+00 | 3.07TE4+06 | 1.07TE4+06 | 4.30E408 | 5.80E+407
SL-PSO 0.00E4-00 | 0.00E+400 | 2.22E406 | 5.90E+405 | 1.31E407 | 2.13E407
jDEsoo 2.76E-08 3.25E-08 6.05E+05 | 2.46E+05 | 4.78E+07 | 6.86E+07
GA-TPC 0.00E+4-00 | 0.00E+00 | 4.76E405 | 2.14E4+05 | 1.06E+08 | 1.50E+408
CMAES-RIS | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.83E+05 | 7.80E+05
SRPSO 0.00E+400 | 0.00E+00 | 8.31E4+06 | 3.39E+06 2.71E4+08 | 4.24E+08
DMeSR-PSO | 0.00E+00 | 0.00E+00 | 1.18E+06 | 1.67E+06 | 6.15E4+08 | 3.62E+08
DD-SRPSO | 0.00E+00 | 0.00E4+00 | 2.07TE4+06 | 7.40E+05 | 1.01E4+07 | 2.25E+08
Fqu Fs Fe
Mean STD. Mean STD. Mean STD.
FIPS 4.26E404 | 7.63E403 | 0.00E400 | 0.00E+400 | 4.55E+01 | 1.13E+00
DMSPSO 3.21E+04 | 2.26E403 5.32E-04 5.69E-04 4.74E+01 7.84E-01
CLPSO 6.47TE+04 1.06E404 | 0.00E+00 | 0.00E+00 | 4.79E+401 4.30E-01
SPS02011 3.99E+04 | 5.68E+01 6.01E-08 3.85E-08 5.37E+01 | 3.40E+00
SL-PSO 3.82E+04 | 3.11E+03 | 0.00E+00 | 0.00E+00 | 4.52E+01 | 2.33E+00
jDEsoo 8.34E+04 | 1.56E+04 2.43E-06 1.14E-06 | 4.30E+01 | 3.71E+00
GA-TPC 3.33E+00 | 4.88E+00 | 4.77TE+04 | 1.70E+05 | 4.72E+01 | 1.40E+01
CMAES-RIS | 0.00E+00 | 0.00E+00 3.54E-08 1.44E-08 | 9.51E+400 | 1.41E+401
SRPSO 2.30E+02 | 1.07TE+02 3.15E-08 6.06E-08 | 4.88E+01 | 1.13E+01
DMeSR-PSO 7.55E+01 3.02E+01 | 0.00E+00 | 0.00E400 | 4.51E+01 1.29E+00
DD-SRPSO 2.16E4+02 | 4.92E+01 | 0.00E+00 | 0.00E400 | 3.21E+401 | 9.14E+00
Fr Fs Fo
Mean STD. Mean STD. Mean STD.
FIPS 9.38E+01 | 6.94E+00 | 2.12E+01 2.51E-02 5.93E+01 | 2.20E+00
DMSPSO 5.63E+01 | 7.67TE+00 | 2.12E+01 2.86E-02 4.72E401 | 3.48E+00
CLPSO 1.14E+402 1.06E401 2.12E401 5.49E-02 5.71E+4+01 2.62E+00
SPS0O2011 9.26E+01 | 2.32E+01 | 2.12E+01 4.93E-02 5.50E+01 | 1.79E+00
SL-PSO 7.49E400 | 1.51E400 | 2.12E+01 3.44E-02 | 1.82E+01 | 1.75E+00
jDEsoo 2.94E+01 1.29E401 2.11E+01 3.84E-02 5.33E+01 9.78E+00
GA-TPC 4.17E4+01 | 1.83E401 | 2.12E401 | 3.98E+02 | 7.43E+01 | 3.97TE+00
CMAES-RIS | 4.81E+01 | 2.16E401 | 2.11E+401 6.20E-02 4.72E401 | 2.76E+00
SRPSO 3.50E+01 | 1.16E+01 | 2.11E+01 4.27E-02 2.82E+01 | 3.98E+00
DMeSR-PSO 6.80E+01 1.00E4-01 2.11E401 2.66E-02 2.64E+4+01 2.18E+00
DD-SRPSO 3.17TE+01 | 7.67TE+00 | 2.10E+401 | 4.99E-02 2.77TE+01 | 3.32E+00
Fio0 Fi1 Fi2
Mean STD. Mean STD. Mean STD.
FIPS 2.97E-01 7.31E-02 1.32E4-02 1.91E401 4.09E+02 1.02E4-01
DMSPSO 6.99E+00 | 3.59E+00 | 5.92E+00 | 3.87TE+00 | 1.26E+02 6.61E-01
CLPSO 2.95E+01 | 8.24E+00 | 7.97E-05 | 6.60E-05 3.31E4+02 | 3.14E+01
SPS02011 2.65E-01 1.66E-01 2.36E+02 | 8.25E+00 | 4.53E+02 | 1.28E+01
SL-PSO 2.41E-01 1.06E-01 2.65E+01 | 5.87TE+00 | 3.39E+02 | 2.11E+401
jDEsoo 1.47E-01 7.66E-02 1.95E-02 1.39E-01 9.72E+01 2.56E+01
GA-TPC 1.05E-01 7.09E+02 5.57TE+01 2.23E+01 9.83E+01 2.45E+01
CMAES-RIS | 8.30E-03 | 5.86E-03 5.36E+01 | 1.31E+01 | 2.66E+02 | 1.02E+02
SRPSO 1.94E4-00 3.33E-01 6.82E+01 1.45E401 1.09E402 | 2.00E4-01
DMeSR-PSO | 1.87TE+00 2.39E-01 5.98E+01 | 7.88E+00 | 1.09E4+02 | 3.33E+01
DD-SRPSO 2.06E-01 9.30E-02 6.94E+01 | 8.51E+00 | 8.76E+01 | 1.62E+01
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Table 5.4: Performances Evaluation on F;3-Fyy CEC2013 Benchmark Functions

. Fis Fi4 Fis
Algorithm Mean STD. Mean STD. Mean STD.
FIPS 4.18E+02 1.89E+01 1.07E404 | 7.91E+02 1.41E404 | 3.95E+02
DMSPSO 2.36E+02 | 3.66E+401 1.87E+401 1.06E+4+01 9.22E+03 | 2.75E+4+03
CLPSO 4.07E+02 | 3.49E+01 1.44E402 | 2.65E+01 1.04E404 | 8.86E+02
SPS0O2011 4.26E402 | 2.25E401 | 7.58E403 | 1.96E4+02 | 8.49E+03 | 4.60E+02
SL-PSO 3.43E4+02 | 2.45E+01 | 1.08E+03 | 3.95E+4+02 | 1.23E+04 | 3.16E+03
jDEsoo 1.76E402 | 2.37E+01 | 8.01E+00 | 6.76E4+00 | 9.48E+03 | 1.06E+03
GA-TPC 1.93E+02 | 5.30E+401 | 2.55E403 | 1.14E+03 | 9.84E+403 | 3.19E+03
CMAES-RIS | 4.56E+402 | 8.54E+01 | 1.49E+03 | 3.07TE4+02 | 6.30E+03 | 6.74E+02
SRPSO 2.70E4+02 | 6.03E401 3.00E+03 | 5.95E+02 1.13E4-04 | 2.22E+03
DMeSR-PSO 2.23E4+02 | 4.20E401 1.72E403 | 2.03E+02 7.19E403 1.24E403
DD-SRPSO 2.03E+02 | 4.27E+01 | 3.44E+03 | 4.73E+02 | 6.24E+03 | 8.57TE+02
Fie Fi7 Fis
Mean STD. Mean STD. Mean STD.
FIPS 3.50E4-00 | 3.54E-01 3.56E+402 | 3.25E+01 | 4.44E+02 | 1.59E401
DMSPSO 2.01E+00 | 8.40E-01 6.47E401 | 3.58E+00 | 2.08E+02 | 9.37E+401
CLPSO 2.82E+00 6.00E-01 6.28 E+01 1.42E+400 | 4.52E+02 1.86E+401
SPS0O2011 2.95E4+00 | 2.46E-01 3.12E+402 | 7.68E+00 | 3.26E+02 | 1.58E401
SL-PSO 3.33E400 | 3.27E-01 3.70E402 | 1.41E401 | 3.97TE+02 | 9.63E+00
jDEsoo 3.13E+400 3.95E-01 | 5.08E+401 | 3.25E-01 2.18E+02 | 3.11E+01
GA-TPC 3.68E+00 | 3.88E-01 1.15E402 | 2.00E+4+01 | 1.68E+402 | 1.02E402
CMAES-RIS | 8.66E-02 | 4.20E-02 1.02E+02 | 1.04E+01 | 4.18E+4+02 | 5.24E+01
SRPSO 2.71E4+00 3.52E-01 1.12E4-02 1.41E+01 3.92E+02 | 3.18E401
DMeSR-PSO | 2.39E4-00 1.69E-01 1.14E402 | 7.11E+400 | 4.02E402 | 1.12E+401
DD-SRPSO 2.28E+00 2.05E-01 1.12E4-02 | 7.0TE+00 | 2.00E402 1.21E402
Fio F2o0 Fa21
Mean STD. Mean STD. Mean STD.
FIPS 2.94E+4+01 | 1.72E400 | 2.17E+01 4.98E-01 3.62E+02 | 2.73E+02
DMSPSO 4.15E4+00 | 1.12E+00 | 2.35E+01 | 1.01E400 | 7.88E+02 | 4.22E-+02
CLPSO 3.92E+00 6.39E-01 2.38E+01 5.50E-01 4.91E+02 2.19E+402
SPS02011 3.91E+01 6.09E-01 2.28E+01 0.00E+00 | 6.54E+02 | 8.77E+01
SL-PSO 9.18E+00 | 5.24E4+00 | 2.24E+01 3.47E-01 7.60E4+02 | 4.06E+02
jDEsoo 2.24E400 | 5.46E-01 2.15E+401 4.32E-01 8.24E+02 | 4.01E402
GA-TPC 8.92E+400 | 3.17TE4+00 | 2.35E+01 8.02E-01 7.93E+02 | 3.63E+402
CMAES-RIS | 5.04E400 | 9.33E-01 2.43E+01 5.49E-01 | 2.85E+402 | 2.20E+02
SRPSO 5.54E+4+00 | 1.00E4+00 | 2.15E+01 8.43E-01 8.18E+02 | 3.34E-+02
DMeSR-PSO | 6.71E400 1.03E400 | 2.11E+401 1.46E400 | 8.84E+02 1.08E4-02
DD-SRPSO 3.89E+00 1.34E400 | 1.95E+401 | 1.16E4+00 7.53E+02 1.27E+02
Fao Fa3 Fay
Mean STD. Mean STD. Mean STD.
FIPS 1.05E4+04 | 1.04E4+03 | 1.46E+04 | 2.37E+02 | 3.37E4+02 | 9.04E+400
DMSPSO 5.54E+01 | 4.76E+01 | 7.95E+03 | 1.06E+03 | 2.71E+02 | 1.50E+01
CLPSO 6.07E+02 1.45E402 1.15E404 | 8.47E+02 | 3.55E+02 | 3.28E+00
SPS0O2011 9.77E4+03 | 2.75E+02 | 1.09E404 | 8.11E4+02 | 3.34E+02 | 3.99E+01
SL-PSO 1.14E+03 | 3.05E+02 | 1.10E4+04 | 4.27E+03 | 2.46E+4+02 | 8.35E+00
jDEsoo 3.10E4-01 | 3.89E+01 9.48E+03 1.02E403 | 2.89E+402 1.20E4-01
GA-TPC 3.51E4+03 | 1.90E403 | 1.08E+04 | 3.71E+03 | 3.79E+02 | 2.18E+01
CMAES-RIS | 2.39E+403 | 3.67TE+02 | 8.37E+03 | 1.01E403 | 3.22E+02 | 1.95E+01
SRPSO 3.59E+03 | 9.25E+02 | 9.69E+403 | 2.48E+03 | 2.88E+02 1.91E+401
DMeSR-PSO 2.12E4+03 | 3.63E+402 7.62E+03 1.85E+03 | 2.87E+02 1.19E+01
DD-SRPSO 9.64E4+02 | 4.45E+02 | 6.71E+403 | 1.90E+03 | 2.14E+02 | 7.29E-+00
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Table 5.5: Performances Evaluation on Fo5-Fos CEC2013 Benchmark Functions

. Fa5 Fag

Algorithm Mean STD. Mean STD.
FIPS 3.73E+02 1.57E401 2.50E+02 1.07E4-02
DMSPSO 3.29E+02 1.18E+401 3.88E+02 2.62E+01
CLPSO 3.94E+02 8.18E+00 2.07E+02 1.30E+00
SPS0O2011 4.10E4-02 1.97E+401 4.52E4-02 7.15E+01
SL-iPSO 2.94E+02 8.23E+00 3.35E+02 7.91E+00
jDEsoo 3.17TE+02 1.09E401 3.97TE+02 2.36E+01
GA-TPC 3.89E+02 4.42E4-00 4.28E+402 4.11E401
CMAES-RIS 3.66E+02 9.94E+00 2.00E4-02 3.25E-01
SRPSO 3.45E+02 1.48E+401 3.57TE+02 5.92E+01

DMeSR-PSO 2.84E4-02 9.54E4-00 2.30E4-02 7.61E401
DD-SRPSO 2.76E4-02 | 8.54E+00 2.64E+02 8.22E+01

. Far Fag

Algorithm Mean STD. Mean STD.
FIPS 1.74E+03 1.30E+02 4.00E+02 6.00E-03
DMSPSO 1.19E4-03 8.34E+01 1.68E403 1.75E403
CLPSO 1.87E+03 6.00E+01 4.00E+02 1.22E-02
SPS0O2011 1.63E403 7.54E+01 1.66E403 9.94E+01
SL-PSO 7.29E+402 8.12E+01 4.00E+02 0.00E+00
jDEsoo 1.16E+03 1.24E+02 9.43E+02 1.19E+03
GA-TPC 2.08E+03 2.36E+02 4.59E+402 4.24E+02
CMAES-RIS 1.25E+03 2.08E+02 1.24E+03 1.53E+03
SRPSO 1.13E4-03 1.06E402 7.02E+02 9.27TE+02

DMeSR-PSO 1.12E+03 9.58E+401 | 4.00E4-02 3.47E-04
DD-SRPSO 9.68E+02 9.78E+01 | 4.00E4-02 | 9.35E+02

on the basic multimodal functions. To further investigate the performance significance
of the algorithms, the mean performances are normalized on a 0 to 1 scale and plotted
using a heat map. The normalized mean performances of all the selected algorithms are
presented in figure 5.7. In the figure, the benchmark functions are represented by the
y-axis and the algorithms are represented on the x-axis. In the map, the best perfor-
mance is represented by the black colour whereas the white colour represents the worst
performance. From the heat map, it can be seen that with the exception of 3 func-
tions, the DD-SRPSO algorithm has consistently produced the results in the dark colour
ranges i.e. the better performing range and can be termed as the best performer. Sim-
ilarly, the performance of DMeSR-PSO, CMAES-RIS and jDEsoo are better compared
to other algorithms. This indicates that the performance of DD-SRPSO, DMeSR-PSO,
CMAES-RIS and jDEsoo are comparable to each other and must be further investigated
for their significance over each other. Therefore, a rank based analysis on the mean per-

formances of the algorithms has been performed to further investigate the significance of
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DD-SRPSO compared to algorithms on the set of CEC2013 benchmark functions.

5.3.3.3 A rank based analysis

In this section, the mean performances of the algorithms on the benchmark functions
will be ranked to determine the best performing algorithm according to the average rank
achieved on the 28 benchmark functions.

The individual ranks, average ranks, variance in rank and the final ranks of all the
selected algorithms are given in table 5.6. From the table, one can see that the with an
exception of two functions (Fq; and F14) DD-SRPSO algorithm has consistently achieved
better ranks compared to the other algorithms and this is also evident in the average
ranks. The average rank of the DD-SRPSO algorithm is 2.964 whereas the average ranks
of second and third best algorithms (DMeSR-PSO and CMAES-RIS) are 4.500 and 4.571
respectively. This suggests that there is a significant difference in the average ranks of
DD-SRPSO and other better performing algorithms.

Further, the variance in rank is also provided in the table to determine the consistency
and robustness of the algorithms over the entire range of benchmark functions. The
variance in rank of the DD-SRPSO algorithm is 4.925 which is the lowest among the
selected algorithms. Also, the variance in rank of SRPSO and DMeSR-PSO is lower
compared to other algorithms. This clearly proves that the DD-SRPSO algorithm is
providing better solutions on the CEC2013 benchmark functions with consistency and
robustness. Based on the average ranks, the final ranks are given to the algorithms
provided in the last row of the table 5.6. Here, the top rank is of the DD-SRPSO algorithm
followed by DMeSR-PSO, CMAES-RIS, jDEsoo, SL-PSO, DMSPSO, SRPSO, GA-TPC,
CLPSO, FIPS and SPSO2011 respectively. Furthermore, the robustness and consistency
of the algorithms can be ranked by considering the variance in ranks. Here, the top rank
is of the DD-SRPSO algorithm followed by SRPSO, SPSO2011, DMeSR-PSO, DMSPSO,
SL-SPO, jDEsoo, GA-TPC, CMAES-RIS, FIPS and CLPSO respectively.
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Figure 5.7: Heat Map for the Mean Performance of the Selected Algorithms on all the Benchmark Functions
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The experimental results, heat map and the rank based analysis on the mean perfor-
mances suggest that DD-SRPSO is a better performing algorithm on the set of benchmark
functions compared to all the other selected algorithms. To further investigate the signif-
icance of DD-SRPSO over other algorithms a statistical comparative analysis has been

performed.

5.3.3.4 A statistical comparison

This study provides the significance of the compared algorithm over each other. Here,
a statistical test has been conducted using the non-parametric Friedman test on the
average rank followed by the pairwise post-hoc Bonferroni-Dunn test [128]. The average
rank difference in mean performances of all the algorithms compared to DD-SRPSO is
presented in table 5.7. The table also provides the statistical test values F-score for
Friedman test and the critical difference for the Benforroni-Dunn test.

The computed F-score of the Friedman test is 8.0976. In this study, there are 11
algorithms and 28 functions for which the Friedman F-critical value obtained from the
F-table is 1.8659. Since, the F-critical value is comparatively much smaller than the
computed F-scores therefore; the null hypothesis can be easily rejected. Hence, it may
be concluded that the performance of algorithms selected for comparison on the CEC2013
benchmark functions are significantly different from each other.

Next, the significance of the performance of DD-SRPSO over other algorithms can
be determined using the Benforroni-Dunn test. The minimum required difference in the
average ranks to signify an algorithm over others as provided in the table is 1.5349 for a
confidence level of 95%. The average rank difference of DMeSR-PSO and CMAES-RIS
with respect to DD-SRPSO is 1.536 and 1.607 respectively that are smaller than 1.5349.
Hence, it can be concluded that the mean performance of DD-SRPSO is significantly
better than all the other selected algorithms with a confidence level of 95%. Furthermore,

it was observed in chapter 4 that the performance of DMeSR-PSO and CMAES are almost
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Table 5.7: Average Ranks and Statistics for ae = 0.05 significance level

. Average Rank Difference
Algorithms wrt. DD-SRPSO
FIPS 4.929
DMSPSO 2.929
CLPSO 3.786
SPS0O2011 5.143
SL-PSO 2.214
jDEsoo 1.714
GA-TPC 3.536
CMAES-RIS 1.607
SRPSO 3.304
DMeSR-PSO 1.536
F-score (Friedman) 8.0976
Critical ~ Difference
(Benforroni-Dunn) 15349

similar to each other on the set of CEC2005 benchmark functions. The same has been
observed here in this study whereby the average rank difference of both DMeSR-PSO and
CMAES-RIS with respect to DD-SRPSO are almost similar. Hence, from these findings
it can be inferred that the performance of DMeSR-PSO is comparable to that of CMAES
and DD-SRPSO is a better performer compared to both the algorithms.

In the next section, the box plots and convergence graphs are presented for compar-
ative performance analysis of the three proposed algorithm SRPSO, DMeSR-PSO and
DD-SRPSO.

5.3.4 Comparative performance analysis of SRPSO, DMeSR-
PSO and DD-SRPSO

From the experimental evaluation on CEC2005 and CEC2013 it has been proved that
the proposed algorithms are efficient, consistent and robust. In this section, an analysis
has been performed to study the convergence characteristics of SRPSO, DMeSR-PSO

and DD-SRPSO on the CEC2013 benchmark functions using convergence graphs and
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box plots.

First, the convergence graphs of the mean performances of SRPSO, DMeSR-PSO and
DD-SRPSO are plotted to compare their convergence characteristics. The convergence
graphs are presented in figures 5.8 to 5.12. Figure 5.8, presents the convergence of
SRPSO, DMeSR-PSO and DD-SRPSO on benchmark functions F; to Fg. From the
figure, it can be seen that all the three algorithms have converged to the optimum solution
in functions Fy and F5 around 25% of the total iterations and among them DD-SRPSO
has converged in minimum time. In the remaining functions, mixed performances have
been observed whereby DD-SRPSO has converged closer to the optimum in functions F3
and Fg and DMeSR-PSO has best convergence in functions Fy and Fy. In most of the
cases, DD-SRPSO has converged to a solution faster than SRPSO and DMeSR-PSO that
indicates the faster convergence characteristics of the algorithm. Further, in functions
Fy and F; a downward slope has been observed that provides an inference that if the
algorithms are allowed to run for more iterations they might converge to the optimum
solution.

The convergence graphs for functions F; to Fi5 are presented in figure 5.9. In the
figure, it is clearly shown that in function F;y, DD-SRPSO has converged towards the
optimum solution in almost 35% of the total iterations whereas other algorithms have
converged to a point slightly away from the optimum solution. In functions Fy;, DMeSR-
PSO has converged to a point closer to the optimum solution. In the remaining three
functions Fg, Fg and Fi5, the performance of DD-SRPSO has been better than SRPSO
and DMeSR-PSO as it has converged faster to a point closer to the optimum solution.

Figure 5.10 contains the convergence analysis on functions Fi3 to F15. From the figure,
it can be seen that DD-SRPSO has shown much better convergence compared to SRPSO
and DMeSR-PSO in functions Fi3, Fi5, F16 and Fig whereby it has converged to a point
closer to the optimum solution at around 50% of the total iterations. In function F;7, all

the algorithms have shown identical convergence characteristics as they have converged
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to the same point in 50% of the total iterations. In function Fi4, the performance of
SRPSO and DMeSR-PSO is better than DD-SRPSO.

The convergence graphs for functions Fi9 to Foy are presented in figure 5.11. From the
figure, it can be easily identified that DD-SRPSO has converged to a point much closer to
the optimum solution in all the functions. In function Fyy, a descending graph has been
observed suggesting that the algorithms are capable of achieving the optimum solution
for this function with an allocation of sufficient amount of time. Similar observation
has been made in function Fyy for the DD-SRPSO algorithm where the algorithm has
descended to a lower point towards the end of the iterations.

The convergence graphs of the last four functions Fo5 to Fog are provided in figure
5.12. As shown in the figure, in all of the functions the algorithms have shown faster
convergence characteristics as they have converged to a point in almost 35% of iterations.
Among them, DD-SRPSO has converged to a point closer to the optimum solution in
functions Fa5 and Fo; whereas DMeSR-PSO has achieved the same in function Fag.
In function Fag, both DD-SRPSO and DMeSR-PSO have shown identical convergence
through faster convergence towards a point closer to the optimum solution.

Overall, from the convergence analysis on the set of 28 benchmark functions it may
be concluded that the algorithms have shown faster convergence characteristics closer
to the optimum solution. Among them, DD-SRPSO has exhibited better convergence
characteristics by converging towards optimum/ near-optimum solution in most of the
functions at aroung 35% of total iterations. A continuous descending convergence graph
has also been observed in a few functions suggesting that with an allowance of sufficient
amount to time the algorithms will be able to locate the optimum solution.

Next, the box plots of Error fitness values (F(x)-F(x*)) for the entire 51 runs are given
to demonstrate the convergence analysis towards the achieved solution. The box plots
for the entire set of 28 benchmark functions are provided in Appendix D and to showcase

the performance, the box plots of selected 6 benchmark functions are provided in figure
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5.13. The figure contains box plots for functions F3, Fg, Fig, F11, F19 and Fu5 to provide
an illustration of the performance on all categories of benchmark functions. In functions
F3 and Fg, SRPSO and DD-SRPSO have exhibited much robust performances with an
exception of few outlier as represented by a very small box. On the other hand, in the
same functions the performance of DMeSR-PSO is spread over a range of values. This
suggests that in most of the runs the algorithm has converged to different values far from
each other. The performance of all three algorithms are almost identical on functions Fy,
F19 and Fa5 as the box plots are presenting the robustness of the algorithms. The boxes
are very small illustrating that the algorithms have converged closer to the same value

most of the time and among them DD-SRPSO has converged to a point which is closer to
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the optimum solution. A different convergence behaviour has been observed in function
F11 as here SRPSO and DMeSR-PSO have shown a high level of accuracy across the 51
runs. The performance of DD-SRPSO is spread over a range of values as represented by
a bigger box. These observations have been made on all the 28 benchmark functions as

summarized below:

i Algorithms have achieved a high level of accuracy across the 51 runs.
ii In most cases, smaller boxes have been observed.
iii The algorithms have succeeded in providing solutions closer to a point in every run.

iv The algorithms have exhibited robustness and consistency on the benchmark func-

tions.

v Among them, DD-SRPSO has provided much improved solutions.

To summarize, the performance of SRPSO, DMeSR-PSO and DD-SRPSO on the set
of 28 benchmark functions has been fairly good. The high level level of accuracy across
the 51 runs has been observed from the box plots and faster convergence closer to the
optimum solution has been observed from the convergence graphs. In most of the cases,
the algorithms have provided solutions closer to the optimum solution with robustness
and consistency. Among them, the DD-SRPSO algorithm has converged to a point closer
to the optimum solution is 35% of total iteration in almost all the functions. Hence, it
can be concluded that all the three algorithms have shown consistent performance with
sustainability and robustness on the diverse set of benchmark functions whereby DD-
SRPSO has provided much improved solutions.

In this chapter, a socially guided interaction among the particles has been imple-
mented in the SRPSO algorithm. The algorithm is referred to as Directionally Driven
Self-Regulating Particle Swarm Optimization (DD-SRPSO) algorithm. In DD-SRPSO,
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Figure 5.13: Box Plot for Selected Benchmark Functions

134




CHAPTER 5. DD-SRPSO

top 5% better performing particles are used to guide the bottom 5% poorly performing
particles. Also, to tackle the rotated characteristics of the problems a rotational invariant
strategy has been introduced for the particles. The particles have utilized the following

strategies:
e Directional update strategy,
e Rotational invariant strategy and
e Both the strategies of the SRPSO algorithm.
Using the proposed learning strategies, the algorithm has successfully:
e Improved the convergence characteristics of the SRPSO algorithm.
e Provided better performances on the rotated functions,

e Provided faster convergence closer to the optimum solution with robustness on

diverse CEC2013 benchmark problems.

e Statistically outperformed the widely accepted state-of-the-art search based opti-

mization algorithms.

Hence, it may be concluded that the idea of a more stiff scheme, where the lesser
performing particles are fully guided by elite particles have indeed helped in achieving
improved performance. The DD-SRPSO algorithm has exhibited highly efficient perfor-
mances on complex composite functions. Further, it has maintained the robustness of
SRPSO and DMeSR-PSO algorithms by successfully providing consistent performance
over a range of diverse benchmark problems.

In the next chapter, the performance of SRPSO, DMeSR-PSO and DD-SRPSO has

been investigated on the complex real-world optimization problems.
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Chapter 6

Performance Evaluation on Practical
Optimization Problems

In the previous chapters 3, 4 and 5, we proposed three human learning principles inspired
PSO variants referred to as SRPSO, DMeSR-PSO and DD-SRPSO respectively. All the
three variants has provided better solutions with efficiency and robustness and among
them DD-SRPSO has exhibited the best performance.

In this chapter, we present the performance comparison of the proposed SRPSO,
DMeSR-PSO and DD-SRPSO with the better performing evolutionary algorithms on
the practical optimization problems reported in the literature GA Multi-Parent Crossover
(GA-MPC) [160] and Self-Adaptive Multi-Operator DE (SAMODE) [161] on CEC2011

real-world benchmark problems [162].

6.1 Performance Evaluation on Real-World Optimiza-
tion Problems

The previous analysis on CEC2005 benchmark problems [59] in chapter 3 and 4 has
proved that the proposed SRPSO and DMeSR-PSO algorithms are significantly better
than state-of-the-art PSO variants as well as the meta-heuristic population based opti-
mization algorithms in providing optimum/near optimum solutions. Furthermore, the

analysis on more complex CEC2013 benchmark problems [153] has proved that the DD-
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SRPSO algorithm is significantly better than state-of-the-art PSO variants as well as the
meta-heuristic population based optimization algorithms in providing optimum /near-
optimum solutions with consistency, efficiency and robustness over diverse set of bench-
mark functions. Next, to prove the effectiveness of the proposed human learning prin-
ciples inspired PSO algorithms, it is necessary to evaluate its performance on complex
real-world optimization problems. First, the performance will be tested on benchmark
real-world optimization problems from CEC2011 [162] and then in the next section, DD-
SRPSO will be applied to the staging problem of multi-stage launch vehicle trajectory
optimization.

Recently, in CEC2011 [162], a comprehensive account of some real-world optimization
problems were provided by [162] for testing the performance of optimization algorithms
in solving complex practical problems. These problems have been specifically designed
to evaluate the performance of different stochastic optimization algorithm on some real-
world problems. A set of 8 practical problems have been selected in this study. A brief

description of each practical problem as given in [159] is given next.

6.1.1 Parameter estimation for frequency-modulated sound waves

These days, several modern musical systems are highly dependent on Frequency-Modulated
(FM) sound synthesis. The modern sound system requires such a FM synthesizer that
can generate a sound similar to the target sound. The FM synthesizer is a highly com-
plex multimodal and non-separable optimization problem. The problem consists of six
parameters represented by the vector X = {a1, w1, ag,ws, a3, w3} and the task is to find
the optimum value of these parameters such that a sound similar to the target sound
is generated. The sound waves using these parameters and the target sound waves are

given by:

y(t) = ay.sin(wy.t.0 + as.sin(we.t.0 + as.sin(ws.t.0))) (6.1)

yot) = (1.0).5in((5.0).£.0 — (1.5).5in((4.8).£.0 + (2.0).5in((4.9).£.0)))  (6.2)
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respectively, where § = 27/100 and the six parameters are bounded within the range
[-6.4 6.35].
The fitness function for the FM synthesizer is defined as:
. 100
FX) =D (y(t) — wo(t) (6.3)

t=0

More details can be found in [162].

6.1.2 Lennard-Jones potential problem

The Lennard-Jones (LJ) potential problem is a potential energy minimization problem.
The problem is classified as a complex multi-modal optimization problem with an expo-
nential number of local minima. The problem is very challenging because the optimiza-
tion algorithm has to predict the position of the atom in the molecules such that the

molecule has the minimum energy. LJ pair potential for N-atoms is defined as:

N-1 N
Vlp) = > > (r* —2ry)) (6.4)

i=1 j=it1

where
pi in the Cartesian coordinates is {7}, v;, zi}, i = 1,--- , N and r;; = ||p; — pi||2 with
gradient
N
V]VN(]?> =—12 Z (Ti;14 - T;S)(p_; _ﬁ;)a j = 17 e 7N (65)
i=1,j#i

LJ potential has minimum value at a particular distance between the two points. The
task of the optimization function is to determine the minimal energy between two atoms
as a function of their distance r. The variation in LJ potential with pair distance r is
given by:

V(iry=r"2—-2x%p7° (6.6)

Further details about the problem can be found in [162].
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6.1.3 The bi-functional catalyst blend optimal control problem

The Bifunctional catalyst is a chemical process that converts the methylcyclopentane to
benzene in a tubular reactor. The problem is classified as a hard multi-modal optimal
control problem that consists of numerous local optima (reportedly, there are as many as
300 local optima in this problem). The problem is defined by a set of seven differential

equations:

¥ = —ky2; (6.7)
To = k1xy — (ko + k3)xo + kyxs (6.8)
Ty = Koty (6.9)
T4 = —kgxy + ksxs (6.10)
Ty = —kgwo + kexy — (kg + ks + ks + ko)xs + krxe + ko7 (6.11)
ZTe = kgxs — krxg (6.12)
T, = koxs — kioxr (6.13)

where x; and k; are the mole fractions and rate constants respectively. The constants k;

are the function of catalyst blend u(t¢) such that:
]{71' = Cj1 + Ciou + CZ'3U2 + ci4u3, 1= 1, 2, SR 10 (614)

The optimal control problem is to find u(t) at times 0 < ¢ < ¢y where t; = 2000g h/mol

such that the concentration index of the reactor:
Ji = x7(ty) x 10° (6.15)

that represents the benzene concentration at the exit of the reaction is maximized. Fur-

ther details about the problem are available in [162].
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6.1.4 Optimal control of a non-linear stirred tank reactor

One of the benchmark optimization problems in [163] is a multi-modal optimal control
problem. The stirred tank reactors are used in the industries to convert reactants into
products. The problem is a first-order irreversible chemical reaction in a continuous
stirred tank reactor. The operation at highly nonlinear operating point results in a very
challenging control problem. As a result, the non-linear structure of the process requires
highly efficient tuning processes and extensive testing for desirable outcome that poses
a more difficult control optimization problem. The process is modeled by two non-linear

differential equations:

¥1=—24u)(zy +0.25) + (22 + 0.5)exp(25x1 /(1 + 2)) (6.16)

2o = 0.5 — xo — (29 + 0.5)exp(25x1 /(21 + 2)) (6.17)

where u,x; and x, are the flow rate of the cooling fluid, dimensionless steady state
temperature and deviation from dimensionless steady state concentration respectively.
The objective for the optimization algorithm here is to find a value of u such that the

performance index is minimized:
tf20.72
Jy = / (z3 4 23 + 0.1u%)dt (6.18)
0
All the details about the problem are available in [162].

6.1.5 Tersoff potential function minimization problem

The tersoff potential governs the interaction of silicon atoms that are connected through
strong covalent bonding. The problem is defined as the evaluation of the inter atomic
potentials and for silicon, the tersoff has given two parameterizations, namely, Sc(B) and
Sc(C). The problem is a complex multimodal and differentiable function. The tersoff

potential energy function for molecular clusters of N atoms, whose positions are defined
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as X = {)fh)f% e ,XN} where X;s i € {1,2,--- , N} is a three-dimensional vector, is
defined as:
fo( X1, Xo, X3) = E1(X1, Xo, X3) + -+ + En (X1, Xa, X5) (6.19)

where the total potential is the sum of individual potentials and the tearsoff potential of
an individual atom is defined as:
E; = ;ch(ﬁj)(VR(rij) — Bi;Va(ry)), Vi (6.20)
i
where 7;; is the distance between atom ¢ and j. Vg, Va, fo(r;;) and B;; are the repulsive
term, attractive term, switching function and the main-body term respectively. The
details of these terms are available in [162]. Using the details, the cluster X of N atoms
can be redefined as
v ={x1, 29, -, 2.}, 0 € IRBN7O)
where the search region for both Tersoff potential model, Si(B) and Si(C) is
Q={{z1,29, 2 }| 425 < wy,2;, <4250 =4,--- n, 0< 12y <4, 0< 23 <m}.

Finally, the cost function is redefined as:
folz) = Er(z) + Es(z) + - - -+ En(z), z€Q (6.21)

From the above practical problem, two different problems are generated as Si(B) and

Si(C) that are required to be solved separately by the optimizer.

6.1.6 Spread spectrum radar poly phase code design

Pulse compression technique is the most widely accepted technique in radar systems.
Any radar system that uses pulse compression requires an accurate mechanism for the
choice of the appropriate waveform. The polyphase codes offer convenience and ease of
implementation through digital processing techniques, which is based on the properties
of the aperiodic autocorrelation function and the assumption of coherent radar pulse

processing in the receiver. The problem is a continuous min-max non-linear non-convex
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global optimization problem with numerous local optima. The min-max model based on

the properties of the aperiodic auto-correlation function is defined as:
Global minfs(x) = max{P(X), Po(X),- -, Pon(X)} (6.22)

where X = {(z1,22,--- ,2p)eRp|0 < z; <27}, m =2D — 1 and ¢(X) is

J

D
Do 1(X) =D cos( > xy), 1=1,2,---,D

Jj=t k=|2i—j—1|+1
D j 6.23
q)gl(X):OES—'— Z COS( Z $k>, 221,2, ,D—l ( )
j=i+1 k=|2i—j—1|+1
(I)m+Z(X):—(I)Z(X), 221,2, ,m

The objective of the problem is to minimize the module of the biggest among the samples
of the auto-correlation function ® having a complex envelope of the compressed radar
pulse at the optimal receiver output that makes it a NP-hard problem. All the details
about the problem are available in [164] and [162].

6.1.7 Transmission network expansion planning problem

The Transmission Network Expansion Planning (TNEP) problem without security con-
straints is used in power lines expansion for determining the number of new lines required
to be constructed. The problem requires the construction in such a way that the cost of
expansion plan is minimum and no overloads are produced during the planning horizon.
The basic model of TNEP is available in [165] using which the objective function for the

expansion cost without security constraint is:

f4 = Z can; + Wi Z (abs(fl) — E) + WQ(’/L[ — TTZ) (624)

leQ ol
where the first term represents the total investment cost and the second and third term

represent the violation cases. W7 and W5 are constants, [ represents the number of lines
and ol represents the number of overflow lines. The main objective in TNEP is to find
the set of transmission lines that are required to be constructed such that there are no
overloads produced and the minimized cost of the expansion plan is achieved. More

details about the problem are available in [162].
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6.1.8 Comparative performance evaluation

In this section, the mean performances of SRPSO, DMeSR-PSO and DD-SRPSO on the
selected real-world optimization problems are compared with the winner and runner-up
algorithms of the CEC2011 competition [162]. The two algorithms selected for compari-

son are:

i GA Multi-Parent Crossover (GA-MPC) [160]: GA-MPC an improved version
of GA where a randomized operator as multi-parent crossover has been introduced

to improve the efficiency of the GA and resulted in providing better solutions.

ii Self-Adaptive Multi-Operator DE (SAMODE) [161]: SAMODE is a highly
efficient variant of DE where multiple search operators are used in each generation by
the DE algorithm using an adaptive approach. Using these multiple search operators

better optimal solutions have been achieved by SAMODE.

The experiments are conducted following the guidelines of CEC2011 [162]. The popu-
lation size for SRPSO, DMeSR-PSO and DD-SRPSO has been selected as 100. The best
and mean performances for 25 runs with a maximum of 150,000 function evaluations are
presented in table 6.1. From the table, it can be seen that the DD-SRPSO algorithm
has successfully outperformed other algorithms by achieving lowest best results in all
practical problems. Further, its mean performance is also best in 6 out of 8 problems.
The performances of DMeSR-PSO and DD-SRPSO are significantly better than other on
these practical problems. Compared to GA-MPC and SAMODE, both the algorithms
have achieved either same or better best fitness values in all the functions. Both DMeSR-
PSO and DD-SRPSO has outperformed GA-MPC and SAMODE in solving the following

problems:
e Non-Linear Stirred Tank Reactor problem.

e Tersoff Potential Function Minimization problem.
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e Spread Spectrum Radar Poly phase Code Design problem.

Further, SRPSO has provided comparable performances on the set of practical prob-
lems. It has achieved the same best results as that of other algorithms in 5 out of 8
problems and the same mean result in 3 out of 8 problems. Based on both best and
mean performances, the algorithms can be ranked as DD-SRPSO followed by DMeSR-
PSO, GA-MPC, SAMODE and SRPSO respectively. All these practical problems are
bound constraint where constraint handing mechanism is not required to control the
search. Nevertheless, there are a lot of real world problems that are governed by equal-
ity and inequality constraints. For tackling such problems, the algorithm requires an
efficient constraint handling mechanism. Therefore, a new equality constraint handling

mechanism has been incorporated in the DD-SRPSO framework.

6.2 Development of an Equality Constraint Handling
Mechanism in the DD-SRPSO Algorithm

An important area in the optimization field is the optimization of constrained problems.

Most of the problems are governed with constraints because of some physical, geometric

and other limitations. Generally, a constraint optimization problem is defined by:
Minimize f(X)

subject to:

where m and p are the number of equality and inequality constraints respectively. The
point X is the feasible point satisfying all the constraints.

Similar to the basic PSO algorithm, all the proposed algorithms in this thesis, SRPSO,
DMeSR-~PSO and DD-SRPSO are devised for unconstrained problems. In order to make
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Table 6.1: Performance on selected CEC2011 Real-World Optimization Problems

broblom GA-MPC SAMODE SRPSO DMeSR-PSO DD-SRPSO
Best Mean Best Mean Best Mean Best Mean Best Mean
f 0.000E+-00|0.000E+-00|0.000E+-00| 1.212E+4-00 | 0.000E+-00 [0.000E+00|0.000E+-00|0.000E+00|0.000E4-00 |0.000E+00
Vv  [2.842E401-2.770E+01}-2.842E4-01|-2.707E+01 |-2.842E4-01|-2.646E+01 -2.842E+01| -2.750E+01 -2.842E-+01| -2.757E+01
J1 1.151E-05 | 1.151E-05 | 1.151E-05 |1.151E-05| 1.151E-05 [1.151E-05| 1.151E-05 | 1.151E-05 | 1.151E-05 | 1.151E-05
Jo 1.377E401|1.382E+401|1.377E+01| 1.394E+01 | 1.380E4-01 | 1.392E+01 |1.377E+01|1.382E+401|1.377E+401|1.382E+01
f2(si(B))| -3.685E+01 | -3.504E+01 | -3.684E+01 |-3.359E+401| -3.685E+401 |-3.471E+01| -6.210E+01 |-5.863E+01-6.602E+01| -5.525E+01
fa(si(C))| -2.917TE+01 | -2.749E+01 | -2.917E401 |-2.763E4-01| -2.917E+01 |-2.516E+01| -4.204E+401 | -3.895E+401 |-4.480E+01-4.195E+-01
f3 5.000E-01 | 7.484E-01 | 5.000E-01 | 8.166E-01 | 5.000E-01 | 7.968E-01 | 5.000E-01 | 7.364E-01 | 5.000E-01 | 6.235E-01
fa 2.200E+402|2.200E+402|2.200E+02 2.200E+02/2.200E+02 [2.200E+02|2.200E+402|2.200E+02 | 2.200E+02 | 2.200E+02
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them capable of dealing with constrained problems an efficient constraint handling mech-
anisms should be incorporated. In literature, there are several constraint handling mech-
anisms available such as lagrangian [166], projection [166], penalty approach [167, 168],
repair approach [169], MO-based separatist approach [170], stochastic ranking [171], hy-
brid approaches [172] etc. Among them, several methods have already been adopted
in the PSO algorithm and successfully applied to several real-world practical problems
(173, 174, 175, 176, 177]. A comprehensive survey of available constraint handling strate-
gies in line with there adaptation in the PSO algorithm is provided in [178]. It has also
been stated in the literature that penalty approaches are very commonly used [178] but
these approaches have many disadvantages like determining a suitable penalty factor,
tuning the parameters, higher chances of exploring infeasible regions etc. Therefore,
researchers took inspiration from Deb’s approach [179] but due to existent overpressure
towards feasible regions this approach leads towards premature convergence [178]. There-
fore, this study explores a new constraint handling mechanism for solving constrained

problems.

6.2.1 A new constraint handling mechanism

This constraint handling approach is inspired from the repair approach [169]. In the
repair approach, the infeasible individuals are converted to feasible ones in a separate
repair process. This approach can be easily applied to the equality constraints of any
problems as repairing infeasible individuals can be conducted easily. Hence, an equality
constraint handling mechanism incorporated within the DD-SRPSO framework. This
approach is different from repair approach as there is no separate repair process but the
repair is performed before the position update of particles. As soon as the velocities of
the particles are calculated, the equality constraints are applied to the velocities an then
the new positions of the particles are calculated. As a result, the new calculated positions

(X) never violates the constraints and hence convergence faster.
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The mechanism is incorporated in such a way that m number of equality constraints
must satisfy the condition of being equal to h;(X). For any problem of equality con-
straints, the total number of constraints can be treated as the dimensions of the prob-
lem. Any mathematical operator can govern the relationship between m and h;(X). For
simplicity, an example of multiplication operator can be taken for a problem of three
constraints. During the entire search process, the algorithm must follow the rule that
whenever there is an update the multiplication of three constraints is equal to a constant
k. Then, the calculated position (X) can be applied to the objective function f(X) for
performance evaluation. Such a mechanism has been incorporated in the DD-SRPSO
algorithm and the algorithm is referred to as DD-SRPSO with constraint handing mech-
anism (DD-SRPSO-CHM).

6.2.2 The DD-SRPSO-CHM Pseudocode

Incorporating the proposed equality constraint handling mechanism, the pseudo-code for

DD-SRPSO-CHM is summarized in Algorithm 4.

Initialization:

for the particles (i) do
Initialize the position X; randomly in the search range (Xmin, Xmazx)
Randomly initialize velocity V;

end

Using the fitness function, calculate the fitness values;

From X, determine the personal best position;

The DD-SRPSO Loop:

Apply the entire loop as that in 3 in chapter 5

The CHM Loop:

Normalize the velocity with respect to constant k;

Apply the operator for satisfying the equality constraint;

Update the position of each particle using equation (4.6);

Algorithm 4: The DD-SRPSO-CHM Algorithm

Next, the performance of DD-SRPSO-CHM has been evaluated on finding the optimal

configurations of multi-stage launch vehicle design problem.
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6.3 Application of DD-SRPSO-CHM in Optimizing
Multi-Stage Launch Vehicle Configuration

The modern approach of selecting missions for multi-stage launch vehicle is largely based
on cost-to-performance ratio, i.e., getting the most for the least within an acceptable
level of risk. Omne of the most important tasks during the mission is the design and
optimization of suitable/optimal mission trajectories. In case of multi-launch vehicles,
the suitable/optimal mission trajectory is defined by maximizing the payload with respect
to overall propellant consumption. Here, the problem of finding the optimal mission
trajectory is multi-objective in nature; the multiple objectives are converted into a single
objective with mission constraints. The primary objective is considered as main objective
and the secondary objectives are converted as mission constraints. Therefore, in multi-
scale launch vehicle, one need to calculate the total velocity required to place the satellite
at appropriate orbit. In this process, one should consider the losses due to atmosphere,
gravity and gain in speed due to earth rotation. The objective in multi-stage launch
vehicle design is to design stages such that the payload fraction is a maximum. More
details about the design and analysis of multi-stage launch vehicle can be found in [46,

180].

6.3.1 Problem definition: Multi-stage launch vehicle configura-
tion
The launch of a satellite or space vehicle consists of a period of powered flight during
which the vehicle is lifted above the Earth’s atmosphere and accelerated to orbital velocity
by a rocket, or launch vehicle. Powered flight concludes at burnout of the rocket’s last
stage at which time the vehicle begins its free flight. During free flight the space vehicle
is assumed to be subjected only to the gravitational pull of the Earth. If the vehicle
moves far from the Earth, its trajectory may be affected by the gravitational influence

of the sun, moon, or another planet.
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Circular Orbit

Figure 6.1: Typical Launching of Satellite to Circular Orbit

To place a satellite in a given orbit, one should accelerate the launch vehicle from
standstill to orbital velocity (voppit) by overcoming the drag losses. During the acceleration
process, the vehicle experience forces due to gravitation pull and atmospheric drag. Since,
Earth is rotating at a constant speed it will add a component in the acceleration process.
Figure 6.1 shows the typical trajectory from the earth surface to circular orbit. Figure
6.2 shows the various components influencing the acceleration process. In single-stage-
to-orbit, the launch vehicle must be accelerated from the ground to the orbital velocity.
The rocket should overcome the losses and place the satellite in the orbit. The total

velocity (AV) required to place the satellite in a given orbital altitude is

AV = \/(Uorbit — Uboost T Udrag)2 + (Ug)2 (625)

where v, is the orbital velocity, vyeos is the gain in velocity, vg4,q4 is the loss in velocity

due to drag force and v, is the loss in velocity due to gravity.
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Figure 6.2: Various Components Influencing the Satellite Launch

Since, the single stage rocket carry the empty weight till orbital height they require
more propellant mass. Multistage rockets allow improved payload capability for vehicles
with a high AV requirement such as launch vehicles or interplanetary spacecraft. In a
multistage vehicle, propellant is stored in smaller, separate tanks rather than a larger
single tank as in a single-stage vehicle. Since each tank is discarded when empty, energy
is not expended to accelerate the empty tanks, so a higher total AV is obtained. Alterna-
tively, a larger payload mass can be accelerated to the same total AV . For convenience,
the separate tanks are usually bundled with their own engines, with each discard-able
unit called a stage. In multistage vehicle, the stages are designed such that the payload

fraction is a maximum. The payload fraction (PF) is defined as:

pF = Mpavload (6.26)

Me;

where myqy1004 15 the final mass payload and m,; is the total vehicle weight when stage

151



CHAPTER 6. PERFORMANCE EVALUATION ON REAL-WORLD PROBLEMS

Table 6.2: Parameters required for Staging

Payload Structural Fraction Iy,

For all stages Stage 1 - 14% Stage 1 - 293 (S)
450 KG Stage 2 - 09% Stage 2 - 290 (S)
180 KM Stage 3 - 17% Stage 3 - 293 (S)

¢ is ignited. For a multistage vehicle with dissimilar stages, the overall vehicle payload
fraction depends on how the AV requirement is partitioned among stages. Payload

fractions will be reduced if the AV is partitioned sub-optimally.

6.3.2 Performance evaluation, comparison and discussion

For this study, a three stage launch vehicle capable of placing the satellite at the Earth
orbit has been considered. The first and second stages are having solid motors and
last stage is having liquid motor. The vehicle is launched from the pad near equatorial
region. The payload, specific Impulse (I5,) and structural fractions are given in Table
6.2. The objective of staging is to find the optimal velocity contribution such that the
payload fraction is a maximum and the constraints are satisfied. Using staging results,
one can find the vehicle configuration and find the pitch program to place the satellite in
appropriate orbit. The objective here is to place the payload of mass 450 KG in the Earth
orbit 180 KM away. The velocity contribution due to atmospheric effect is considered as
12% of orbital velocity.

The DD-SRPSO-CHM algorithm has been applied to the staging design for determin-
ing the optimal configurations of the launch vehicle. The configurations are summarized
in table 6.3. For the given payload, the orbital and ideal velocities and maximum paylaod
are set as 7796.1 m/s, 8774.8 m/s 23795 KGs respectively. The configurations in terms of
velocity contribution AV') | propellant mass (M,) and gross weight (1/,) in every stage is
presented in the table. These results match to the stage configuration data published in
the literature [46, 180]. This suggests that DD-SRPSO-CHM has successfully provided

valid stage configurations they can be used for the initial design purpose.
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Table 6.3: Optimal Staging design configurations proposed by the DD-SRPSO-CHM

algorithm
Vehicle Configuration
Stage Orbit: 180 KM, vypie = 7796.1, AV = 8774.8
AV inm/s | M, in KG | M, in KG | m,; in KG
1 2718.6 14557 16927
2 3895.3 5122.4 5629 23795
3 2160.9 655.04 789.21

Next, the performance of DD-SRPSO and DD-SRPSO-CHM has been evaluated on
the problem to study the impact of proposed constraint handling mechanism. Perfor-
mance of both the algorithms is presented in figure 6.3. From the figure, it can be
seen that DD-SRPSO without any constraint handling mechanism is stuck at a point
throughout the run whereas the DD-SRPSO-CHM has converged to the optimum pay-
load fraction value.

Further, the performance over limited budget settings has been performed and com-
pared with a well-known Real Coded GA (RCGA) [181, 182]. The population size has
been kept 50 for both the algorithms. The algorithms have been tested 25 times and in
run the total iteration were set to 20. The convergence graphs for both the functions
are presented in figure 6.4. The figure contains the convergence graphs for the best and
average performances. It can been that both the algorithms have converged to the op-
timum payload fraction value but the DD-SRPSO-CHM algorithm have exhibited faster
convergence characteristics on the problem.

In this chapter, the performance of SRPSO, DMeSR-PSO and DD-SRPSO has been
evaluated on the practical optimization problems. The first study on CEC2011 practical
problems clearly indicates that DMeSR-PSO and DD-SRPSO are better performers on
the practical real-world problems and among them DD-SRPSO is the best algorithm.
Next, new constraint handling mechanism has been proposed for the DD-SRPSO al-

gorithm to solve problems consisting of equality constraints. The performance is then
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Figure 6.3: Performance of DD-SRPSO on Multi-Stage Launch Vehicle Configuration

tested on optimizing the multi-stage launch vehicle configurations. Using the constraint

handling mechanism, the DD-SRPSO-CHM algorithm have successfully
e Provided optimal solutions similar to that proposed in the literature,
e Exhibited superior performances compared to that of DD-SRPSO algorithm and
e Shown faster convergence characteristics compared to the RCGA algorithm.

Therefore, it can be concluded that the proposed human learning principles inspired
SRPSO, DMeSR-PSO and DD-SRPSO algorithms have exhibited better performances
on the set of benchmark functions and real-world practical problems. Among them, DD-
SRPSO have successfully outperformed state-of-the-art PSO variants and other efficient
evolutionary algorithms. In the next chapter, the conclusions drawn from this thesis and

recommendations for future work are presented.
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Chapter 7

Conclusions and Future Work

This chapter presents the main conclusions from the studies carried out in this thesis and

also presents the recommendations for future work.

7.1 Conclusions

This thesis has focussed on the development of human learning principles inspired par-
ticle swarm optimization algorithms. Human like self-regulated learning and socially
shared information processing integrated into the PSO framework have introduced ef-
fective search for achieving the desired performance. In this thesis, three such human
learning principles inspired algorithms, viz., SRPSO, DMeSR-PSO and DD-SRPSO have
been developed. Further, a new constraint handling mechanism has been introduced in
SRPSO for handling equality constraints. Its performance has been tested on a practical
staging design problem of a multi-scale launch vehicle design. In a nut-shell, the major

contributions of this thesis are:

(a) Development of human self-learning principles inspired PSO referred to as Self Reg-

ulating Particle Swarm Optimization (SRPSO) algorithm.

(b) Development of human socially shared information processing inspired PSO referred
to as Dynamic Mentoring and Self-Regulation based Particle Swarm Optimization

(DMeSR-PSO) algorithm.
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(c) Development of a Directionally Driven Self Regulating Particle Swarm Optimization
(DD-SRPSO) algorithm to tackle the rotated characteristics of any optimization

problem.

(d) Development of a new constraint handling mechanism in SRPSO and its application

to the staging problem of multi-scale launch vehicle design.

The major conclusions from the above studies are:

e The SRPSO Algorithm:
A new self-regulating particle swarm optimization algorithm has been developed
based on the human self-learning principles. Two strategies have been introduced
in the algorithm, viz., self-regulating inertia weight for the best particle to improve
exploration and self-perception in global search direction for the rest of the particles
for better exploitation. With the hep of these strategies significant performance
improvement has been observed in the SRPSO algorithm. The performance of
SRPSO has been studied in comparison with six widely accepted PSO variants
using 25 benchmark functions from CEC2005. The results clearly prove that the
performance of SRPSO over the set of benchmark functions is much better than
others. Finally, the statistical analysis clearly indicates that SRPSO is better than

other PSO variants with 95% confidence level.

e The DMeSR-PSO Algorithm:
The socially shared information processing strategies in human beings has been
explored and a new dynamic mentoring and self-regulation based particle swarm
optimization algorithm has been developed. Here, the particles are divided in men-
tor, mentee and independent learner groups based on their performances. The

algorithm mimics a mentoring based learning environment whereby the learning
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schemes have resulted in better exploration and intelligent exploitation of the search
space for effective search. As a result, the DMeSR-PSO algorithm has generated
optimum /near-optimum solutions with faster convergence characteristics. The per-
formance of DMeSR-PSO has been compared with SRPSO and eight other evolu-
tionary optimization algorithms on the CEC2005 benchmark functions whereby
DMeSR-PSO has provided faster convergence closer to the optimum solution with
robustness on diverse problems. Finally, the statistical analysis clearly indicates
that DMeSR-PSO is better than other evolutionary optimization algorithms with
95% confidence level.

e The DD-SRPSO Algorithm:
The socially guided interaction scheme has been explored together with the ro-
tational invariant design scheme and a new directionally updated and rotation-
ally invariant SRPSO algorithm referred to as a directionally driven self-regulating
particle swarm optimization algorithm has been developed. The two new strate-
gies, directional update and rotational invariance characteristics have provided
optimum /near-optimum solutions with faster convergence characteristics. These
learning strategies have accelerated the convergence because more particles are
gathered around the potential solutions. Performance of the DD-SRPSO algorithm
has been evaluated on CEC2013 benchmark functions and compared with seven
other PSO variants and three evolutionary optimization algorithms. The results
clearly highlight that DD-SRPSO has provided better solutions with efficiency and
robustness on the set of benchmark problems. Further, the statistical analysis guar-
antees that DD-SRPSO is statistically better than all the other selected algorithms
with a confidence level of 95%. The convergence analysis proves that DD-SRPSO
possess faster convergence characteristics closer to the true optimum solution on a

wide range of problems compared to SRPSO and DMeSR-PSO.
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e Constraint Handling Technique for DD-SRPSO Algorithm:
A DD-SRPSO with constraint handing mechanism (DD-SRPSO-CHM )has been
developed. The DD-SRPSO framework has been modified with equality constraint
handling mechanism. Based on this modification, the particles are bound to search
within the specified region. As a result, the particles converged faster towards
the optimum solution. The performance of DD-SRPSO-CHM has been tested in
optimizing multi-stage launch vehicle configuration. The constraint handling mech-
anism has accelerated the convergence process in determining the optimal configu-

rations.

e Performance Evaluation on Practical Optimization Problems:

In this thesis, the three aforementioned algorithms, SRPSO, DMeSR-PSO and DD-
SRPSO algorithm has been applied to eight different practical problems form the
CEC2011 problems. The performance has been compared with GA Multi-Parent
Crossover (GA-MPC) algorithm and Self-Adaptive Multi-Operator DE (SAMODE)
algorithm that are proven better performers on the selected problems. From the
comparative analysis, it has been observed that DD-SRPSO has achieved either
the same solutions or better solutions compared to all other algorithms. Further,
DMeSR-PSO has also provided better results compared to SRPSO, GA-MPC and
SAMODE on the problems.

To summarize, compared to the existing solutions available in the literature algorithms
developed in this thesis have provided better solutions. Performance of SRPSO has been
found to be significantly better than other PSO variants. Further, the DMeSR-PSO has
shown much improved performance compared to SRPSO as well as other evolutionary
optimization algorithms. Finally, equipped with the directional update and rotational
invariant strategies, DD-SRPSO has provided faster convergence closer to the optimum

solutions in diverse set of benchmark as well as practical optimization problems.
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7.2 Future Works

Various extensions can be studied based on the studies conducted in this thesis. A few

recommendations for possible research directions are given below:

7.2.1 Incorporating more human learning principles

The thesis addresses only a few of the human learning principles applied to the PSO
framework. The human brain is one of the most complex organ and it consists of sev-
eral interconnected components. Each of these components have specific functionalities
associated with them [183]. As indicated in human learning psychology, humans uti-
lize multiple hierarchical inter-related layers of information processing and adopt several
strategies for enhancing the decision making abilities for attaining the maximum gain
from the environment [1, 129]. Different human abilities and learning principles are dis-
cussed in detail in [184]. It would an interesting area to explore the concepts described
in [184] for incorporating in the algorithms’ framework. Further, the competitive nature
of human has not been explored in this thesis for integration in the algorithm. It has
been indicated in [185] that humans always have a desire to win that initiates competitive
nature in them and leads to innovation and advances. Such a competitive mechanism can
be explored for integrating into the algorithm. Similarly, there are other human learning

principles that can be integrated in the algorithm.

7.2.2 Extending SRPSO, DMeSR-PSO and DD-SRPSO for multi-
objective problems

The algorithms developed in this thesis are designed to solve single objective optimiza-
tion problems. Many real-world problems are multi-objective whereby there is no single
solution for such type of problems as the objectives conflict with each other. The PSO

has already been design for solving multi-objective optimization problems [186] which
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has successfully handled problems with several objective functions [187]. A recent sur-
vey on Multi-Objective PSO (MOPSO) [188] provides a comprehensive study about the
application areas in aerospace, biological sciences, data mining, industrial engineering
etc. where MOPSO has been successfully applied. In this thesis, it has been proven
that SRPSO, DMeSR~-PSO and DD-SRPSO are fast, efficient, and robust and provide a
much better convergence compared to the basic PSO algorithm. Therefore, the proposed

algorithms can be extended to solve multi-objective problems.

7.2.3 Incorporating human learning Principles on other popu-
lation based optimization algorithms

In this thesis, PSO has been chosen as the candidate for exploring human learning prin-
ciples in an optimization algorithm. It is well-known that there are numerous population
based optimization algorithms available in the literature. The Artificial Bee Colony
(ABC) algorithm introduced in [15] can be a strong candidate for integration of human
learning principles as it has recently proven good for solving multimodal and real-world
problems [189]. It will be an interesting area to explore the behaviour of employed bees,
onlookers and scouts when equipped with human like self-regulatory mechanism. Fur-
ther, the concept of mentoring and social guidance can be implemented among the bees
so that the onlookers can choose more potential areas by identifying the bees they should
follow from the employed bees. In the same way, the scouts can be mentored and guided
for selection of good food sources. Similarly, one can explore impact on the performance
of other population based optimization algorithms using the human learning principles

described in this thesis.

7.2.4 Theoretical analysis on the convergence of SRPSO, DMeSR-
PSO and DD-SRPSO

The algorithms developed in this thesis are shown to be faster in convergence when

compared to other algorithms through extensive numerical simulation studied on various
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problems. However, a theoretical analysis on the faster convergence compared to other
algorithms will provide some additional insight in understanding the behaviour of the
particles during evaluation. Researchers have carried out convergence analysis on con-
vergence speed of the PSO algorithm [190] and most recently a comprehensive analysis
on stability, local convergence and transformation sensitivity has been carried out on
SPS0O2011 [29]. Here, estimate variance convergence boundaries algorithm has been uti-
lized for estimation of the convergence boundaries of SPSO2011 [152]. Similar technique
can be implemented for convergence analysis of SRPSO, DMeSR-PSO and DD-SRPSO
for better understanding of the faster convergence characteristics of the proposed algo-

rithms.

7.2.5 Handing the inequality constraints

The constraint handling mechanism introduced in the thesis only incorporate the equal-
ity constraint in the PSO framework. The associated complexities with the real-world
applications are not just limited to the equality constraints. In fact, most of the problems
consist of inequality constraints that are highly difficult to handle. In recent past, re-
searchers have tried several methods for handling the inequality constraints in PSO [178].
It will be an interesting problem to investigate the integration of inequality constraint
handling mechanism in the structure of the PSO algorithm.

As far as applications are considered, the DD-SRPSO algorithm has shown much
promising performance on the practical optimization problems and is definitely a poten-
tial candidate for providing effective, optimized solutions to the real-world applications.
Thus, one can utilize the DD-SRPSO algorithm for solving complex real-world optimiza-
tion problems by performing the necessary modifications in the algorithm as per the

requirements of the problem.
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Appendix

A CEC2005 Benchmark Functions

To evaluate different kinds of optimization algorithms in a more systematic manner
by specifying a common termination criterion, size of problems, initialization scheme,
linkages/rotation, etc. a set to 25 test benchmark function has been introduced [59].
These problems are categorized as Unimodal (F; - Fj5), Basic Multimodal (Fg - Fi5),
Expanded Multimodal (Fy3 and Fy4) and Hybrid Composition (Fi5 - Fo5). A summary

of these problems is given below:

Name Objective Function Search Bias(fp)
Range

D
Shifted Sphere Fi=Y"22+f, [—100, 100] P |-450

i=1

D D
Shifted Schwefel’s|Fa=> (" 2;)% + f, [~100, 100] P |-450
Problem 1.2 i=1 j=1

D e
Shifted Rotated High|Fz=>)(105)D-12z2 + f, [~100, 100] P |-450
Conditioned Elliptic i=1

D D

Shifted Schwefel’s|Fa=(> (> 2;)2* (1 + 0.4|N(0,1)]) + fo [~100, 100] P |-450
Problem 1.2 with Noise i=1 j=1
in Fitness
Schwefel’s Problem 2.6 |Fs=max |A;x — B;| + f, where A; is the ith row of a D*D [~100, 100]P |-310
with Global Optimum |matrix A andB; is the ith element of D*1 vector B
on Bounds

D
Shifted  Rosenbrock’s|Fe=> " (100(22 — z41) + (z: — 1)) + fp [~100, 100]7 [ 390
Function i=1

D 2 D
Shifted Rotated F7:Z Tobg — H cos(%) +14fp [0,600]P -180
Griewank’s  Function i=1 i=1
without Bounds
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Name Objective Function Search Bias(fp)
Range
D D
Shifted Rotated Ack-|Fg=—20exp(—0.2 % > 22) —exp(% > cos(2mz;)) +20+ e+ |[—32,32]P  |-140
ley’s Function with i=1 i=1
Global Optimum on|f
Bounds
D
Shifted Rastrigin’s |[Fo= . (22 — 10cos(27z;) + 10) + f, [-5,5]P -330
Function i=1
D
Shifted Rotated Rastri- |F10= (22 — 10cos(2mz;) + 10) + fp [-5,5]P -330
gin’s Function i=1
D kmax kmax
Shifted Rotated Weier- |F11=> ( > [aFcos(2rb¥(z; + 0.5))]) — D > [a*cos(2mb* x|[—0.5,0.5]P |90
strass Function i=1 k=0 k=0
0.5)] + f» where a=0.5,b =3 & kmaz = 20.
D D
Schwefel’s Problem |Fi1o=> (|4; — Bi(2))2 + f, where A; = Y (as;sina; +|[—m, x]P -460
2.13 i=1 j=1
D
bjjcosa;) and Bi(x) = Z(aijsinzj + bjjcosx;)
j=1
Shifted Expanded |F13=F8(F2(z1, 22)) + F8(F2(z2,23)) + +|[-5,5]P -130
Griewank’s plus Rosen- | F8(F2(zp—1,2p)) + F8(F2(zp,21)) + f»
brock’s Function
(F8F2)
Shifted Rotated Ex-|Fia=F(z1,22)+ F(22,23)++ -+ F(zp_1,2p)+ F(zp, 21) + f» | [~100,100]? |-300
panded Scaffer’s F6 _ (sin?(y/x24y2)—0.5)
Function Fl@y) =05+ G5 000127577
n
Hybrid  Composition F15:Z w; * [f](2) 4 bias;] + f where n =10 [-5,5]P 120
Function i=1
fll = [F9,F9,F11,F11, F7,F7,F8, F8, F1, F1] without f,
n
Rotated Hybrid Com-|Fi6=>)_ w; * [f/(z) + bias;] + f, where n =10 [-5,5]P 120
position Function i=1
f; =|F9,F9,F11,F11,F7,F7,F8, F8, F1, F1] without fy
F16 with Noise in Fit-|F17=G(x) * (14+0.2|N(0,1)|) + f, where G(x) = Fi6 — f,(16) |[-5, 5]" 120
ness
n
Rotated Hybrid Com-|Fig=)_ w; * [f/(2) + bias;] + f, where n =10 [-5,5]P 10
position Function i=1
fl/ = |F8,F8,F9,F9,F1,F1,F11, F11, F'7, F7] without f}
n
Rotated Hybrid Com-|F19=Y w; * [f/(2) + bias;] + fo where n =10 [-5,5]P 10
position Function with i=1
a Narrow Basin for the fll = [F8,F8,F9,F9,F1,F1,F11,F11, F'7, F'7] without fi
Global Optimum
n
Rotated Hybrid Com-|Fao=>_ w; * [f](2) + bias;] + f, where n =10 [-5,5]P 10

position Function with
the Global Optimum on
the Bounds

=1

fl = [F8,F8,F9,F9, F1, F1,F11, F11, F7, F7] without f;
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Name Objective Function Search Bias(fp)
Range
n
Rotated Hybrid Com- Fgliz w; * [fl(z) + bias;] + fr, where n =10 [-5,5]P 360
position Function i=

1
fl = [F14, F14, F9, F9, F13, F13, F11, F11, F7, F7] without f;

n
Rotated Hybrid Com-|Fao=>_ w; * [f/(z) + bias;] + f, where n =10 [-5,5]P 360
position Function with i=1
High Condition Num- le = [F14,F14,F9,F9, F13, F13, F11, F11, F'7, F7] without f}
ber Matrix

n
Non-Continuous ~ Ro-|Fa3=Y w; * [f!(z) + biasi] + fo where n =10 [-5,5]P 360
tated Hybrid Composi- i=1
tion Function [l =[F14,F14,F9, F9, F13, F13, F11, F11, F7, F7] without f,

n
Rotated Hybrid Com- F24:Z wy * [fI(z) + bias;] + fr, where n =10 [-5,5]P 260
position Function i=1

fl =[F11,F14,F13,F8,F9, F7, F135c, F9nc, F3, F1]
without f, (nc = non — continuous)

n
Rotated Hybrid Com- F25:Z wy * [fl(z) + bias;] + fr, where n =10 [2,5]P 260
position Function with- i=1
out Bounds fl = [F11, F14, F13, F8, F9, F7, F13yc, F9nc, F3, F1]

without f, (nc = non — continuous)

B CEC2013 Benchmark Functions

The CEC2013 benchmark functions are a set of improved, more complex set of real
parameter single objective optimization problems. All these problems have been rotated
and shifted to test the capabilities of any optimization algorithm in solving complex
problems. There are 28 benchmark functions categorized as Unimodal (F; - F5), Basic
Multimodal (Fg - Fop) and Composition functions (Fg; - Fag). The global optimum
solutions for all the test functions are shifted to o = [01,09,-- ,0p] and all of them are
defined in the same search range of [—100, 100]”. The characteristics of the functions are
made more complex by introducing My, M, - - - , M3 which are the orthogonal (rotation)
matrices used to rotate the functions. A summary of the functions as provided in [153]

is given next:
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No. |Function Name Bias(f»
1 Sphere Function -1400
2 Rotated High Conditioned Elliptic Function -1300
3 Rotated Bent Cigar Function -1200
4 Rotated Discus Function -1100
5 Different Powers Function -1000
6 Rotated Rosenbrock’s Function -900
7 Rotated Schaffers F7 Function -800
8 Rotated Ackley’s Function -700
9 Rotated Weierstrass Function -600
10 Rotated Griewank’s Function -500
11 Rastrigin’s Function -400
12 Rotated Rastrigin’s Function -300
13 Non-Continuous Rotated Rastrigin’s Function -200
14 Schwefel’s Function -100
15 Rotated Schwefel’s Function 100
16 Rotated Katsuura Function 200
17 Lunacek Bi-Rastrigin Function 300
18 Rotated Lunacek Bi-Rastrigin Function 400
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No. |Function Name Bias(f
19 Expanded Griewank’s plus Rosenbrock’s Function 500
20 Expanded Scaffer’s F6 Function 600
21 Composition Function 1 (n=5,Rotated) 700
22 Composition Function 2 (n=3,Un-rotated) 800
23 Composition Function 3 (n=3,Rotated) 900
24 Composition Function 4 (n=3,Rotated) 1000
25 Composition Function 5 (n=3,Rotated) 1100
26 Composition Function 6 (n=>5,Rotated) 1200
27 Composition Function 7 (n=>5,Rotated) 1300
28 Composition Function 8 (n=>5,Rotated) 1400

C Performance Comparison on CEC2015 Problems

The CEC2015 benchmark problems [191] are highly competitive and require efficient
optimization algorithms to provide fast solutions with accuracy in the limited allocated
budgets. This section compares and contrasts the capabilities of proposed human learn-
ing principles inspired PSO algorithms; the SRPSO, DMeSRPSO and DD-SRPSO on the
numerically expensive optimization problems with the recently proposed PSO variants
and well-known evolutionary algorithms. The selected algorithms for comparison include
the Adaptive Inertia Weight PSO (AIWPSO) [192], the Teaching and Peer Learning
PSO (TPLPSO) [37], the Example-based Learning PSO (ELPSO) [193], the Competitive
Swarm Optimizer (CSO) [194], the Ancestral Differential Evolution (AncDE) algorithm
[195], the Mean Variance Mapping Optimization (MVMO) algorithm [196] and the Co-
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variance Matrix Adaptation Evolution Strategy (CMA-ES) [8]. The results for AncDE
are taken from [195] and the results for MVMO and CMA-ES are taken from [197] and
[198] respectively. In [198], twenty seven different variant of CMA-ES have been tested
on the expensive optimization problems from CEC2015 [191] and the reported results are
for the best variant among them. The results for all the other algorithms are generated
on MATLAB R2013a on Dell Precision T3600 machine having 16Gb RAM and 64-bit
operating system. To provide a fair comparison, all the guidelines of CEC2015 [191] has
been strictly followed and the experiments were conducted on the 30-dimensional func-
tions using 50 particles. The experiments were conducted 20 times and for each run the
exact function evaluations were set to 1500 as given in [191].

The mean and standard deviation of the performances for all the algorithms are
provided in Table 1. From the table, it can be easily seen that the performance of DD-
SRPSO and CMA-ES are much better than the other selected algorithms. Among the
other algorithms, only MVMO has provided the best solution on two simple multimodal
functions out of fifteen functions. DD-SRPSO and CMA-ES performances are closer to
each other where DD-SRPSO is leading with solutions closer to the optimum in seven
functions out of fifteen compared to six out of fifteen for CMA-ES. The performance
of DD-SRPSO is better than the other selected algorithms on simple multimodal and
composition functions, whereas among them CMA-ES is better for the hybrid functions.

Performance of DD-SRPSO, MVMO and CMA-ES on the expensive optimization
problems are closely similar to each other which suggest that these three algorithms
may have a common strategy among them for solving any optimization problem. If one
closely studies these three algorithms, it will be observed that the concept of intelligent
swarms has been implemented in all the three algorithms. In CMA-ES, the update
strategy is performed in such a way that the likelihood of previous successful candidate
is maximized. Similarly, in DD-SRPSO, the increased inertia weight for the best particle

ensures maximum exploration of the best solution. Usage of memory for each swarm in
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Table 1: Mean and Standard Deviation Performances on 30D CEC2015 Benchmark
Functions

DD-SRPSO DMeSR-PSO SRPSO AIWPSO TPLPSO
Mean STD. Mean STD. Mean STD. Mean STD. Mean STD.
F1 | 1.960E+407 [1.165E4-07| 1.396E+08 |5.764E+08[1.277E409|7.253E4-08| 2.813E+410 (6.332E+09| 3.483E410 [6.424E+409
F> |2.559E+04(1.057E404| 6.051E+04 [4.209E+03|7.566 E+04|1.378 E+04| 8.665E+04 |1.703E+4-04| 1.780E~+05 |4.093E+04
Fs | 2.243E401 [2.124E+00| 3.330E+01 |2.406E+00{3.048E+01|3.614E+400| 3.523E+01 |3.468E+00| 3.917E+401 [1.883E+00
Fy | 1.833E+4-03 (3.375E+4-02| 5.548E+03 [4.482E+02|6.309E+403|5.735E+02| 7.150E+4-03 (4.718E+-02| 8.410E+03 |3.700E+02
F5 |2.719E+00| 7.580E-01 | 4.107E+00 | 6.332E-01 |4.331E+00| 6.893E-01 | 4.334E+00 | 6.858E-01 | 4.707E+00 | 4.979E-01
Fs | 5.616E-01 | 1.007E-01 | 7.162E-01 | 8.565E-01 | 6.344E-01 | 1.110E-01 | 1.082E+4-00 | 2.281E-01 | 4.394E+00 | 5.250E-01
F; | 5.432E-01 |2.031E-01| 7.210E-01 |6.150E-01 | 7.938E-01 |1.054E+00| 4.808E+01 |1.178E+4-01| 4.204E+01 |2.055E+01
Fg | 3.322E402 [2.163E+4-02| 1.691E+03 |1.070E+03[3.197E+03|5.093E+403| 1.010E+4-06 |1.013E+06| 2.548E4-07 |2.150E+4-07
Fy |1.358E+01| 8.546E-01 | 1.366E+01 | 9.258E-01 [1.364E+01| 2.338E-01 | 1.369E+01 | 2.135E-01 | 1.380E+01 | 2.536E-01
F10|3.084E+-05|4.535E+05| 3.546E+-06 |2.540E+06|1.222E+07|5.380E+06| 2.481E+07 [1.075E+07| 3.931E+407 |1.742E+07
Fy1| 4.596E+01 |2.229E+4-01| 5.642E+-01 |5.290E+01|6.839E+01|3.282E+01| 1.439E+02 [3.785E+401| 2.866E+-02 |1.070E+02
Fia| 6.923E+02 (2.125E4-02| 8.056E+4-02 [3.524E+02|8.387E4-02|2.324E+02| 1.364E4-03 [2.762E4-02| 1.749E+03 |3.923E4-02
F13(3.348E+-02|1.075E+01| 4.077E+02 |3.520E+4-02(4.116E+4-02(2.173E+4-01| 6.247E+02 |8.884E+01| 9.533E+02 [1.450E+4-02
F14(2.444E402|4.710E400| 2.668E+402 [1.892E+02|2.591E4-02|1.581E+01| 3.226E+402 [3.032E+4-01| 3.524E+02 |3.974E+-01
Fi5 | 9.236E+02 |1.914E+02| 9.952E402 |5.986E+02|1.018 E+03[1.329E+02| 1.301E+03 |1.051E+402| 1.365E+03 |5.579E+01

ELPSO CSO AncDE MVMO CMA-ES
Mean STD. Mean STD. Mean STD. Mean STD. Mean STD.
F1 | 3.147E+10 [3.804E4-09(8.1949E4-09|2.804E+09(5.210E+4-08|3.540E4-08| 3.008E+4-07 |2.865E+07(2.032E+05(6.117E405
F5 | 9.624E404 [1.869E+4-04|1.6026E4-05|3.749E+04(1.180E+405|2.490E+4-04| 1.389E4-05 |3.419E+04| 1.174E4-05 [2.199E4-04
F3 | 4.103E401 [1.790E+-00(3.5342E+01|3.879E+00|2.670E+01|4.480E+00| 3.543E+01 [3.892E+400(2.131E+01|5.063E+00
Fy | 7.962E+03 (2.709E+02|7.6389E+03|4.569E+02|6.780E+03|4.940E+02|9.685E+02(2.865E+402| 7.583E+03 |2.186E+03
F5 | 4.004E400 | 6.324E-01 |5.1738E+4-00| 7.864E-01 [4.240E+-00| 5.910E-01 | 3.912E+400 | 8.133E-01 | 5.437E400 | 5.919E-01
Fg | 4.235E400 | 2.003E-01 |2.4349E+00| 9.620E-01 | 5.890E-01 | 1.390E-01 | 6.335E-01 | 1.240E-01 | 6.854E-01 |2.357E-01
Fr | 6.349E401 [1.027E+01|3.2993E+01|1.467E+01| 5.770E-01 | 2.080E-01 | 4.566E-01 | 1.801E-01 | 6.363E-01 | 2.860E-01
Fg | 2.378E+406 |1.032E+-06|4.7463E+04[4.188E+04|4.480E+02|5.510E+02| 1.753E+02 [3.125E+4-02(2.291E+01|1.093E+01
Fy | 1.377E401 | 1.551E-01 |1.3790E+-01|6.072E+00{1.380E+01| 2.030E-01 | 1.367E+01 | 2.898E-01 | 1.385E4-01 | 3.030E-01
Fio| 5.661E+07 |2.096E+07[4.1404E+06|9.561E+05|1.810E+07|7.950E+06| 5.821E+06 [3.243E+06| 2.774E+4-06 |2.213E+06
Fy1| 2.175E+02 |4.785E+01(4.9924E+01|3.457E+01|4.240E+01|3.440E+01| 6.424E+01 [4.575E401|2.783 E+01|1.982E+01
F12| 2.104E+03 [3.706E4+02{1.0548E+03|6.753E+02|1.370E+03|1.510E+02| 7.053E+02 [1.985E+402|6.720E+02|2.825E+02
Fi3 | 7.905E+402 |9.303E+01|5.2289E+-02|1.042E+4-02(3.680E+4-02(9.110E+4-00| 3.658E+02 |2.255E+01| 3.771E+02 [1.191E+401
Fi4 | 3.828E+402 |2.204E+01|2.9894E+-02|4.568E4-01(2.710E4-02(2.240E+4-01| 2.796E+402 |3.204E+01| 2.457E+02 [1.567E+401
Fi5| 1.401E403 [4.871E401(1.3177TE403|3.452E4-02(9.710E4-02{1.230E+02| 9.619E+02 |2.702E+02|7.581 E+402|7.910E+01

BFs

MVMO for tracking their behaviour and the dynamic reduction of swarm size capitalize
the services of efficient candidates in the search space. All the above three algorithms
give more importance to better performing candidates and the less efficient candidates
are either guided (as in DD-SRPSO) or discarded (as in MVMO) or given lower likelihood
(as in CMA-ES). Using these strategies, the algorithms ensure that potential areas of the
search space are explored resulting in a faster convergence. Next, a comparative analysis
using rank based and statistical test has been conducted to provide the significance of

performance.
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Table 2: Rank based analysis of Mean Performances

Algorithm Individual Ranking of Benchmark Functions Ave. RANK | RANK
Fp, Fo2 F3 Fyq4 Fs Fg Fr Fg Fg Fi0o Fi1 Fi2 Fiz Fia Fis

DD-SRPSO 2 1 2 2 1 1 2 3 1 1 3 2 1 1 2 1.667 1
DMeSR-PSO 4 2 5 3 4 6 5 5 3 3 5 4 5 4 5 4.2 4
SRPSO 6 3 4 4 6 4 6 6 2 6 7 5 6 3 6 4.933 6
AITWPSO 8 4 6 6 7 7 9 8 5 8 8 7 8 8 7 7.067 8
TPLPSO 10 10 10 10 8 10 8 10 8 9 10 9 10 9 9 9.333 10
ELPSO 9 5 9 9 3 9 10 9 6 10 9 10 9 10 10 8.467 9
CSO 7 9 7 8 9 8 7 7 7 4 4 6 7 7 8 7 7
AncDE 5 7 3 5 5 2 3 4 9 7 2 8 3 5 4 4.8 5
MVMO 3 8 8 1 2 3 1 2 4 5 6 3 2 6 3 3.8 3
CMAES 1 6 1 7 10 5 4 1 10 2 1 1 4 2 1 3.733 2

C.1 Rank Based Analysis and Statistical Comparison

In this section, the mean performances on the functions of all the selected algorithms are
ranked and the algorithm with lowest average rank is considered as the best performing
algorithm. These average ranks are then used to perform a statistical comparison of
performances as performed for CEC2005 and CEC2013 benchmark Problems in Chapter
3, 4 and 5.

In table 2, the individual ranks, average ranks and the final ranks of all the evolution-
ary algorithms are presented. From the table, it is clear that DD-SRPSO has consistently
achieved better ranks compared to the other algorithms. The average rank of DD-SRPSO
is low compared to all the other algorithms and therefore it has been ranked as best algo-
rithm. Based on the average ranks, DD-SRPSO is top performer followed by CMA-ES,
MVMO, DMeSR-PSO, AncDE, SRPSO, CSO, AIWPSO, ELPSO and TPLPSO respec-
tively. In the average ranks, the compared PSO variants are all low performer whereas the
DD-SRPSO, DMeSR-PSO and SRPSO are all performing comparable with the highly
competitive evolutionary algorithms. This suggests that the performance of proposed
human learning principles inspired PSO algorithms are comparatively better than other
PSO algorithms and are also comparable with other evolutionary algorithms. To have
a better understanding of the performance of selected algorithms a statistical test has

been performed.
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Next, a statistical comparison has been conducted to provide the significance of DD-
SRPSO over other evolutionary algorithms using the non-parametric Friedman test on
the average rank followed by the pairwise post-hoc Bonferroni-Dunn test [128]. The
average rank difference with respect to DD-SRPSO is 2.067, 2.133, 2.533, 3.133, 3.267,
5.333, 5.400, 6.800 and 7.667 for CMA-ES, MVMO, DMeSR-PSO, AncDE, SRPSO,
CSO, ATWPSO, ELPSO and TPLPSO respectively. First, the Friedman test has been
conducted for rejecting the null hypothesis. The computed F-score is 23.4039 and for
ten algorithms and fifteen problems the F-statistics value at a confidence level of 95%
according to the F-Table is 1.9549. Comparing the F-score and the F-statistics, the null
hypothesis can be rejected and it can be concluded that the performance of the algorithms
is statistically different. Therefore, the pairwise post-hoc Bonferroni-Dunn test has been
conducted in which the critical difference in average ranks at 95% is 1.3852. Hence, it
can be concluded that the performance of DD-SRPSO is significantly better than the
selected algorithms with 95% confidence level.

To summarize, the performance of DD-SRPSO on numerically expensive CEC2015
benchmark functions compared to other PSO variants and evolutionary algorithms has
validated the capabilities of DD-SRPSO algorithm in solving expensive budget problems
effectively. The rotational invariance strategy has provided the particles better capa-
bilities to tackle with the rotated problems and converge to optimum/ near-optimum
solutions. Similarly, the direction update strategy has diverged the particles towards the
potential solutions which has resulted in faster convergence. The rank based analysis
and statistical comparison has proved that DD-SRPSO has provided highly competitive
solutions with 95% confidence level. Further, it can also be seen from table 2, that the
difference in average rank of selected PSO variants compared to SRPSO and DMeSR-
PSO are greater than the critical difference value. This suggests that the performance
of SRPSO and DMeSR-PSO are significantly better than selected PSO variants with
95% confidence level. Also, it has been observed that DD-SRPSO is best suited for solv-
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ing simple multimodal and highly complex composition functions with better accuracy

whereas the performance is not significant on the hybrid functions.

D Comparative Analysis of SRPSO, DMeSR-PSO
and DD-SRPSO using Box Plots

Figure 1 contains the box plots of the performance on functions F; and Fg. The figure
demonstrates the behaviour of all the three algorithms in solving the benchmark func-
tions. From the box plots, one can see all the three algorithms have exhibited similar
performances in functions Fi, F5, F; and Fg. In function F3, SRPSO and DD-SRPSO
have shown similar behaviour and have achieved solutions with robustness (all the solu-
tions are close to each other) whereas the performance on DMeSR-PSO is spread over a
large range of values. The performance of both DMeSR-PSO and DD-SRPSO is much
better than SRPSO in functions Fy whereby DD-SRPSO has a smaller median value. In
functions F4, DMeSR-PSO have shown a high level of accuracy across the 51 runs and
in function Fg the same has been observed for DD-SRPSO. With an exception of few
outliers, the performance of DD-SRPSO on function Fg is much better than others.
The box plots for functions Fg and Fi4 are presented in figure 2. Form the figure, it
can be seen that the performance of DD-SRPSO is much better than others in functions
Fio, F12, F13, Fi5 and F5. With the exception of functions Fq; and Fy,, all the algorithms

have exhibited similar performances whereby following observations have been made:

e SRPSO has a slightly better performance in function Fg.

e SRPSO and DMeSR-PSO are almost identical in solving function F;y where more
outliers are observed for SRPSO.

e DMeSR-PSO has shown much better performance than others in function Fy.

The box plots for the next eight functions Fi7 to function Fygy are shown in figure 3.

From the box plots, one can easily identify the best performer as in almost every function
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Figure 1: Box Plot for functions F; to Fg
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Figure 2: Box Plot for functions Fg to Fig
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Figure 3: Box Plot for functions Fi7 to Foy
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Figure 4: Box Plot for functions Fo5 to Fag

the performance of DD-SRPSO is better than other two algorithms. In function Fy;, DD-
SRPSO has converged to exactly the same point most of the times. The most blots for
the final four functions Fa5 to function Fag are provided in figure 4. The algorithms
have shown mixed performances on these four functions and narrow plots have been
observed in almost all functions that suggest the algorithms have solved the problems

with robustness. In these 12 functions Fi7 to Fog, following observations have been made:
e DD-SRPSO has much better performance in almost all functions.
e All 3 functions have identical performance on functions Fi7, Fag, Fas and Far.
e DMeSR-PSO and DD-SRPSO both have identical performances in function Fog .

As a whole, the performance of SRPSO, DMeSR-PSO and DD-SRPSO on the set of
28 benchmark functions has been fairly good as in most cases smaller boxes have been

observed that represent the robustness and consistency of the algorithms in providing
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solutions closer to a point in every run. In fact, with an exception of few outliers the
algorithms have converged to almost the same point in functions Fs5, F;, Fyo, Fig and
Fos. Hence, it can be concluded that all the three algorithms have shown consistent
performance with sustainability and robustness on the diverse set of benchmark functions

whereby DD-SRPSO has provided much improved solutions.
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