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Abstract

The aim of this Master’s thesis is to develop and assess an optimization soft-
ware based on the cooperative behavior of individual members of the three sub-
groups (roosters, hens, and chicks) within a chicken swarm as they search for food.
The performance of the Chicken Swarm Optimization (CSO) algorithm is compared
with Evolutionary Algorithm (EA) and Metamodel-Assisted Evolutionary Algortihm
(MAEA), which are implemeted through the EASY software, developed by the Par-
allel CFD & Optimization Unit of the School of Mechanical Engineering of NTUA.
In the future, an overarching objective is to potentially integrate promising elements
of the proposed algorithm into EASY, to further improve its performance.

As part of the Swarm Intelligence family of algorithms, the CSO technique manages
populations of chickens that move through the design space in search of optimal
solutions. This thesis investigates the interactions among the three aforementioned
subpopulations that comprise the total swarm, the parameter settings related to their
rearrangement, and the overall performance of CSO compared to EA and MAEA.
This algorithm effectively handles both Single-Objective (SOO) and Multi-Objective
Optimization (MOO) problems. New features have also been introduced by the author

beyond what is described in the literature, aimed at further improving the algorithm’s
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performance. These new features concern the movement of the roosters and the
handling of penalized individuals in both SOO and MOO problems with constraints.

Specifically, the shortcomings of the original algorithm—particularly in relation to
the movement of roosters and chicks—were effectively addressed through the intro-
duction of a stochastic mechanism that aids in avoiding local optima. Furthermore,
the capability to solve MOO problems was developed /programmed using the SPEA-IT
method. Constraint handling in MOO problems was strengthened through a mech-
anism that enhances the foraging ability of non-penalized individuals, potentially
leading to a greater number of solutions. Lastly, a "revival” mechanism was im-
plemented to restore individuals previously penalized with elimination, in a manner
that improves the algorithm’s performance rather than merely replacing them without
substantial enhancement.

The algorithm is developed and validated on well-known mathematical benchmark
problems, and further tested on two pseudo-engineering problems: the Vibrating
Platform Design and the Two-Bar Truss Design problems. Although CSO is capable
of solving CFD problems as well, these are not presented in this thesis due to the dif-
ferent background of the author. Overall, the results are very promising, suggesting
that CSO is a powerful optimization algorithm capable of being applied to a variety
of problems. However, further tuning and investigation are necessary for it to con-
sistently reach the performance levels currently exhibited by EASY, particularly in
more complex optimization cases.

Last but not least, it is important to highlight the significant role of Metamodel-
Assisted techniques in modern stochastic optimization algorithms. The EASY frame-
work incorporates this which is utilized in this thesis. In contrast, the CSO algorithm
does not currently support metamodel assistance. Introducing such a mechanism into
CSO could represent a promising direction for future work, potentially enhancing its

performance.
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ITPOI'PAMMATIYXMOY KAI XPHYXH AATOPISGMOY
SMHNOTYTY KOTOITOYAQN (Chicken Swarm
Optimization- CSO) XE ITPOBAHMATA
BEATIXTOIIOIHXYXHX
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PUOxatoac Nixdhooc
EmPiénwy Kadnyntic: Kupidxog X. Tavvdxoyiou, Kadnyntric EMII

Hepirndn

Ex0mo¢ TG UETATTUY XS VTG Epyaoiog elvor 1) avdmTugn hoYIoUIXOU YioL TNV EQuo-
HoyY| Wog pedodou BeATio ToTOMONG UE AMMTEPO OXOTO Vo Bl EQUPUOYT) OE TEOBAT LT
unyavixol. O alyoprduoc Bactletal 6TO THOEC Vol GUTVOC XOTOTOUAWY, ATOTENOUUEVO O
TeElC uTo-TANYUGHOUC (xéxopsg, XOTEC, XOTOTOLAIXLAL), ouvepydlovTon otny avalhtn-
o1 TEOYNS, TEAYHATOTOLOVTNG, UE QUTOV TOV TEOTO, BeATioTomolnon ota TeolArjuouTa
outd. Ta amoteréopata mou mpoéxuday, cuyxpivovton pe tov Elehutind Ahyoprduo
(EA) xou tov odyéprduo Bondoluevne Behtiotonoinong puéow Metapovtéhwv(MAEA),
Tou etva LAoTonuévoL 6To Aoylouxd EASY tne Movddag Hapdhhning Troloyio tixhc
Peuctounyavixic & Behtiotonoinone tov E.M.IL., ye andtepo otéy0 TNV EVOLUATOON
UTIOOY OUEVWY O TOLYEIWY TOU TPWTOU GTO OEUTERO, 0TO €YYUC UEAAOV.

Y10 mhalolo twv ahyoplduwy Swarm Intelligence, o ahyodprduoc Chicken Swarm O-
ptimization (CSO) 6bioyetpileton TANIUOUOUC XOTOTOLAWY TOU XIVOUVTOL GTOV YMHEO
oyedaopol avalntoviag Bértioteg Aoeg. H petomtuytany| epyacio e€etdler tig oh-

AMAETORACELS PETOED TWV TEUWY TPOAVEQPEPUEVTLY UTO-TANYUOUGY Tou amapTilouv To
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GUVOAIXO GUAVOC, TIC TORUUETEOUC ToU oyETiCovTon Ue TNV avadldTol Toug, xodoe ot
™ ouvohixr] amodoor tou CSO oe obyxpion ue Toug ahyodprduoug EA xaw MAEA.
Emuniéov, o ahyopriuog €yel tn duvatdtnTa vor Yelpl(eTton amoTeAEoUATIXG TOGO TEO-
BAAuata Bertio tomtoinone evée Single Objective Optimization - SOO) o0 xou TOMGOV
Multi-Objective Optimization - MOO otéywv. Emiong, €ywov yepixéc onuavtixéc
TEOCUXES GTOV OAYOELIUO amtd TOV GUYYPUPEN, TEEAY OOWY avapépovtal oty BiBAlo-
Yeapla, ue otéyo TNV TepauTépw Bedtiwon Tng anédocric Tou. AuTéc agopoly Ty xivnon
TV XOX6pwY XxadOS xaL TN SLoyelplon TwV oTOU®Y ToU TYwEoLVTIL AoYw Tapainong
TEPLOPLOUWY OE TEOBAAUATH UE TEPLOPIOUOUS ELTE EVOC ElTE TOAWY OToYWV.

LUYHEXPWIEVAL, TA UELOVEXTAUATO TOL apytxol akyoplduou—1dlwe ot 6,TL agopd TNV
xvnom TV x0XOPMY KoL TOV UXEOY XOTOTOUAWY—AVTWETOTIC TAXAY ETUTUYOS UECK
NG EWCAYWYAC EVOS OTOYUCTIXOU UnyaviopoL, mou Bondd otnv anoguyr TOTX®OY o-
xpotdtwy. Emmifov, n duvatdtnta enfluong mpofinudtonv BeAtictonolnong ToAAGOY
oTOY WV avanTOyUNnXe Ye TN yeron tTne uevoédou Strength Pareto Evolutionary Algorith-
II (SPEA-II). H Sioyeipion meptopto®dy oe TeoBANudtey ToGOY oTdywy evioyUUNXE
UECW EVOS UNYAVIoHOU TOU BEATIMVEL TNV IXAVOTNTO avall ATNONG TEOPNG TV U1 THWET-
HEVGLY ATOUGY, 0OTYOVTOG EVOEYOUEVWLS OF TeplocoTepeg Aboelg. Télog, epapudotnxe
EVOC UNYoVIoUOS «avaBlmoney yia TNV emavapopd atéunmy Tou elyoy utocTel TowY| Yo-
VATOU, UE TEOTO TTOU EVIOYUEL TNV amddooT) Tou ahyoplduou, avtl va v emiBapivel 1 va
TEPLOPIETOL AMAMS OTNYV AVTIXUTAG TUCT) TOUG Yweic ouctaotixy Beitinon.

O ahyopripog avamtOyUnxe xat SOXYUACTXE OE YVWO TE LadnuaTtind TeoBAruato o-
VOPORAS XL, OTN CUVEYELX, EQUPUOCTNXE o€ 000 TEOPBAAUTA (heLdO-UNyaVIXAG: TOV
Yyedoud Mhatpopupac Advnong (Vibrating Platform Design) xou tov Xyediooud Ar-
xtuopotog Avo PéBowy (Two-Bar Truss Design). Av xou o CSO unopel va eqog-
wootel o oe mpofifuata Trohoyotnic Pevatoduvouxic (CFD), to ouyxexptuéva
0ev TopouctdlovTol oTNY EpYAciol AGYw TOU BLOPORETIXOU YVWOTIXOU OVTIXEWEVOU TOU
CLUYYPUPEN. LUVOAXA, To amotehéoparta ebvon aitepa eviappuvTixd, UTOBEWYLOVTIG
otL 0 CSO amotehel évay 1oyupd alydpruo BedtioTonolnong pe dSuvaTdTNT EPUPUOYTC
oe cupl @doua TEOBANUdTwY. (lotdco, amouteiton TEpouTEPw EUUMIOT xou MEAETY Yid
Vo @Tdoel oe enineda anédoong avtioTorya ye autd Tou EASY, eldixd o mo olvieta

TpofAfuata BeATioTonolnong.
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Téhoc, olNd e&icou onuovtind, elvol ouUCLOBES Vo UTOYPOUUIOTEL 0 XadoploTiXoC
eohog Twv TeEXVIXGOY Bonoluevne Behtiotonoinong péow Metopovtéhwv (Metamodel-
Assisted) otoug oUyypovoug otoyacixole akyopiduouc Bertiotonoinong. To hoyiout-
%6 EASY evoopoat®dvel auty| 0 SuvatdTnTa, 1) oTold YeNOUOTOLETOL Xou GTNY ToEoLo
epyaoio. Avtrdétne, o CSO dev unootneilel enl Tou ToEOVTOC TN YENOT HETOUUOVTELOUL.
H evooudtwon evog tétoou unyaviouot otov CSO Yo umopoloe vo amoTeAEoEL ia
TOMG uToGY OUEVT XaTedFuVoT YLot UEAAOYTIXT EPELVA, EVIOYDOVTUS EVOEYOUEVWS TNV

am6d00T| TOU.
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Acronyms

SO0
MOO
EA
GA
ES
CSO
DEA
CFD
EASY
SPEA
GEA
PCOpt/NTUA

MAEA
LCPE
HVI

: Single-Objective Optimization

: Multi-Objective Optimization

: Evolutionary Algorithms

: Genetic Algorithms

. Evolutionary Strategies

: Chicken Swarm Optimization

. Distributed Evolutionary Algorithm

: Computational Fluid Dynamics

. Evolutionary Algorithm SYstem

: Strength Pareto Evolutionary Algorithm

. Generalized Evolutionary Algorithm

: Parallel CFD & Optimization Unit of the School of Mechanical
: Engineering, National Technical University of Athens
: Metamodel Assisted Evolutionary Algorithm

: Low-Cost Pre-Evaluation

: Hyper-Volume Indicator
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Chapter 1

Introduction

1.1 Introduction to Optimization

The term optimization refers to the process of seeking the most suitable solution or
set of solutions to any problem, the performance of which is described by one or
more mathematical functions. These mathematical functions are known as objective
functions or target functions or design functions |1]. The optimal solution is defined
as the value-set of the design variables in the design space where these variables
are defined. Furthermore, the solutions that emerge must respect the constraints
imposed, if any.

Problems aiming to optimize a single objective function (Single Objective Opti-
mization - SOO) [2] seek the global extremum of this function. If this is the min-
imum, then we have a minimization problem; if it is the maximum, then it is a
maximization problem. However, real-world problems are much more complex than
that. Constraints make them more challenging. Additionally, there might be many

local optima where the solution could get "trapped”.

The challenges multiply if solving the problem requires satisfying many objective
functions (Multi-Objective Optimization - MOO) [3] [4]. With MOO methods, the

so-called Pareto front is sought. Among the members of the Pareto front, one objec-
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tive requires sacrificing performance in another, necessitating a careful balance and
compromise. There is a whole scientific field, called decision-making, that guides
users in selecting the most appropriate solutions among those found. However, this

is beyond the scope of this thesis.

Various methods exist to solve optimization problems. These are divided into two

categories: stochastic and deterministic (or gradient-based).

1.2 Deterministic Optimization Methods

Deterministic optimization methods (or gradient-based methods) rely on the general-
ized concept of the gradient of the objective function, with their primary goal being
to calculate or at least approximate it. Computing the gradient is not a trivial task.
Several methods have been introduced and developed for this purpose, including the
Finite Differences Method [5], [6], the Complex Variables Method [7], [§], the Direct
Differentiation (continuous and discrete) [9], and the Adjoint Variables (continuous

and discrete) methods [2].

Apart from precision, one of the most critical considerations for an engineer is
the cost to compute the gradient of the objective function. In real-world problems,
the number of design variables, denoted as NN, is typically much larger than the
number of objectives, M. Most optimization methods computing the gradient have a
computational cost that scales proportionally with N. However, the Adjoint Variables
Method stands out due to the fact that its cost does not scale with N [2]. This unique
characteristic makes it particularly advantageous and places it in a distinguished

position among other optimization techniques.

The Deterministic algorithms are highly dependent on initialization. Since the solu-
tion is randomly initialized, it may fall into local optima. Furthermore, the implemen-
tation of deterministic algorithms often requires greater development time compared
to stochastic algorithms. Extending and generalizing these methods to solve similar

problems can be particularly challenging.
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1.3 Stochastic Optimization Methods

In contrast to deterministic methods, stochastic methods do not use the gradient of
objective functions. They adapt easily to various problems for which they are designed
and are capable of locating the global extremum in each case. In other words, they
are independent of initialization. However, they have higher runtime cost compared
to deterministic methods. The implementation of stochastic algorithms involves the
use of a separate software to calculate objective functions and evaluate candidate
solutions.

There is a plethora of stochastic algorithms well described in the literature, such as
Genetic Algorithms (GA)[10], [11], [12], Evolutionary Strategies (ES) [13], [14], [15],
116, |17], [18], Genetic Programming (GP)[19], [20], [21], [22], [23], and other bio-
inspired algorithms that simulate the behaviors of natural systems, animals, insects,
and more. Particle Swarm Optimization (PSO) [24] is a well-known representative of
the latter category. A derivative of PSO is the Chicken Swarm Optimization (CSO)

algorithm [25], which is programmed, used and assessed in this thesis.

1.4 Basic Concepts in Optimization

To provide a foundation for understanding stohastic optimization, it is essential to
first discuss a basic optimization problem. This approach will help illustrate the fun-
damental characteristics of optimization and shed light on the challenges that may
arise during the process. By analyzing a simple problem, the reader can gain a clearer
understanding of the core principles and intricacies involved in optimization. Evolu-
tionary optimization employs nature-inspired strategies such as mutation, crossover,
and elitism to iteratively refine solutions. Given the vast scope of stochastic methods,
this thesis focuses on providing a concise introduction to the field, outlining its key
principles while acknowledging that it cannot encompass all topics within the domain.

In out notation, objective functions are denoted by f;, while inequality constraint
functions by g; must be less than or equal to zero (¢g; < 0) and equality constraint

functions by h;. However, alternative notations may also be used depending on the
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context. The variables upon which both the objective functions and constraints de-
pend are referred to as design variables, denoted by x;. The collection of these design
variables forms a vector, known as the design vector. Each design variable is confined
by its own bounds within the RY space, collectively referred to as the design space.
This design space defines the region where optimization occurs. So, the aim in an

optimization problem is to find the design vector:
( )
7

*
Lo

*
TN

([ 7N )
which minimizes or maximizes the objective function in SOO problems, or provides
a compromise set of solutions in MOO problems. Additionally, the solution must
respect all constraints, if any.

As mentioned before, the design variables are bounded. Therefore, there is a need
to define a minimum and a maximum value for every design variable, i.e.:

< gy <™ i =1,... N (1.2)

)

—

In SOO, the problem is typically defined by a function f(X) that needs to be
maximized or minimized. The optimization process involves exploring the search
space to identify the solution X* that maximizes or minimizes f ()2 ) while adhering
to the specified constraints.

While the problem may appear straightforward, it’s quite challenging since there
is an, theoritically, infinity number of candidate solutions to be evaluated. Moreover,
challenges emerge when the objective function is non-linear, has many local minima or
maxima, or is subject to complex, often nonlinear constraints. In such cases, finding
an optimal solution can be computationally demanding.

A simple approach to solving such optimization problems is to start with a random

initial solution X , evaluate its objective function, and then iteratively make small
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changes to it. After each modification, the solution is reevaluated, and if the new
solution improves the objective function, is kept. This process is repeated until the
changes in the objective function value become negligible over successive iterations,
indicating that either further improvements are minimal or a local optimum has been
reached.

A second approach involves taking a set of design vectors )ZZ (i.e a population),
and evaluating all of them. The best solution, X:*, is then kept and so forth.

These two approaches correspond to different classifications of stochastic algo-
rithms: the individual-based methods and the population-based methods, respec-
tively. A basic population-based evolutionary algorithm (EA), with terminology bor-
rowed from the (p, A\) EA /EASY framework, consists of A offspring and p parents,
where usually ; < A\. The X offspring are evaluated and based on a selection proce-
dure, p parents are chosen. Then, using a procedure different from the one before,

the selected parents generate A new offspring.

1.5 Introduction to Swarm Intelligence

The CSO algorithm is thoroughly discussed in Chapter 3. However, as CSO belongs
to the family of swarm intelligence algorithms, it is essential to first get familiar with
the ideas behind swarm intelligence algorithms, in order to better understand the
CSO when it is introduced.

Intelligent meta-heuristic algorithms have the capability to learn and provide effec-
tive solutions to highly complex problems. Within this category, swarm intelligence
computing is gaining prominence, as these algorithms mimic the adaptive and learning
behavior of biological organisms. Their appeal lies in their ability to address increas-
ingly complex problems, navigate vast multi-dimensional solution spaces, adapt to
the dynamic nature of constraints, and manage incomplete, probabilistic, or imper-
fect information in decision-making processes.

However, the rapid advancements in this field have made it increasingly difficult

for researchers to stay up to date, as new algorithms are introduced at an accelerated
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pace. Over the years, numerous swarm intelligence algorithms have been developed,
including particle swarm optimization (PSO) [24] [26], ant colony optimization (ACO)
[27], [28], [29], artificial bee colony optimization (ABCO) [30], [31], bacterial foraging
optimization (BFO) [32], [33], [34], firefly optimization (FO) [35], [36], [37], leaping
frog optimization (LFO) [38], [39], bat optimization algorithms (BOA) [40], [41], and
CSO [25], [42], among others. To build a stronger foundation in swarm intelligence
algorithms and set the stage for understanding CSO, the fundamental concepts of
PSO is introduced next.

1.6 Particle Swarm Optimization

PSO[24] [26] holds a prominent position among swarming theory and bio-inspired
algorithms. It serves as a broader category that encompasses the CSO algorithm.
For this reason, it is crucial to introduce and briefly present PSO before delving into
the specifics of CSO. The PSO [24] [26] algorithm is inspired by the collective behavior
of swarm animals, such as fish schools or bird flocks, among others. Fundamentally,
the primary objective of the PSO algorithm is to search for parameters that optimize

a given objective function.

In PSO, each particle represents a potential solution within the search space. Each
particle in the swarm has a position, velocity, and fitness value. The position repre-
sents a potential solution, the velocity indicates the direction and speed of movement,
and the fitness value measures how good the solution is. Particles keep track of their
personal best positions and the global best position, which guide the swarm’s move-
ment towards optimal solutions. The algorithm updates each particle’s velocity and
position based on a combination of its current velocity, the distance to its personal

best, so-far, position, and the distance to the global best, so-far, position.
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1.7 Chicken Biology

To better understand the CSO algorithm, it’s helpful to first learn about real chick-
ens and how their flocks behave. According to [25], which provides comprehensive
information about chicken biology, chickens are among the most common domesti-
cated animals worldwide. These social creatures typically live in groups and display a
surprisingly advanced level of intelligence. They can recognize and remember over a
hundred individual chickens, even after being apart for long periods. Their vocal com-
munication is rich, consisting of more than 30 distinct sounds such as chirps, crows,
and squawks, used to convey messages about nesting, food, mating, and threats.
Chickens don’t rely solely on trial and error to learn; they also draw on past experi-
ences and observe the behavior of others to guide their actions.

A structured social ranking, often referred to as a pecking order, shapes their in-
teractions. More assertive birds hold dominant positions, staying close to the leading
roosters, while less dominant individuals tend to keep to the edges of the group. Any
changes to the group, like adding or removing members, temporarily disrupt this
structure until a new balance is formed.

High-ranking chickens generally get first access to food. Sometimes, a rooster that
discovers food will even call over the rest of the group before eating. This kind of
considerate behavior is also seen in hens as they care for their young. However,
such cooperation is mostly limited to members of the same group. When unfamiliar
chickens enter the area, roosters often respond with loud vocalizations to defend their
territory.

Behavioral patterns also differ between roosters and hens. The leading rooster
actively seeks out food and defends the group’s area. Dominant hens follow roosters
while foraging and chicks typically feed near their mothers.

While individual chickens may appear simple, collectively they exhibit a kind of
coordinated behavior. Working together, they follow their internal social structure to
locate food efficiently. This group-level cooperation, or "swarm intelligence,” can be
viewed as a natural problem-solving process, one that has inspired the creation of new

optimization algorithms. This fascinating behavior inspired scientists and engineers



8 Chapter 1. Introduction

to develop a novel bio-inspired algorithm: the CSO algorithm.

1.8 Real-World Optimization Problems

The concepts discussed in the previous sections lay the groundwork for solving basic
SOO problems. However, real-world challenges are often far more complex, requir-
ing modifications to the foundational stohastic algorithms introduced earlier in the
chapter. Engineers frequently face problems involving constraints, and many of these
problems also require addressing multiple objectives. It is important to note that
the ideas presented in this section apply not only to the previously discussed algo-
rithms but also to other stochastic and bio-inspired algorithms. Sorting operation and
comparison make use of penalized fitness values, rather than the raw fitness values

themselves.

1.9 Goal of Thesis

The CSO algorithm has been gaining significant interest over the last decade since
its introduction. Numerous researchers have tested and applied the algorithm in
various fields, such as data mining, robotics, and more [42|. The promising results
have intrigued the Parallel CED & Optimization Unit of NTUA to explore and design
enhancements for the algorithm.

The team has previously developed the (u, A) EA (as in the EASY software) [2],
that merges characteristics from GA and ES. The primary focus of this thesis is
to present the characteristics of CSO, a population-based stochastic algorithm, the
relationship between the three populations it comprises, the comparison with (u, \)
EA, its integration of ideas drawn from EASY and the potential application of CSO
concepts to EASY. The contribution of this work aspires to bridge the gap between
a swarm intelligence algorithm and the (u, ) EA.
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1.10 Structure of the Thesis

This thesis is structured into the following chapters:

e Chapter 2 - Evolutionary Optimization Algorithms: This chapter pro-
vides an analysis of the basic principles of optimization, the (u, A\) EA and an

introduction to swarm intelligence algorithms and PSO.

e Chapter 3 - The CSO Algorithm: A detailed description of the CSO algo-
rithm is presented, including its structure, operation, and application to opti-

mization problems.

e Chapter 4 - Applications - Discussion: An analysis about the parameters
of CSO is presented on how the parameters RN, M N, G affect the solution of
the SOO problem of the shifted Rastrigin function. Two pseudo-engineering
problems, the Vibrating Platfrom Design and the Two Bar Truss Design, are
tested and are compared to EA and MAEA. This shows how well can the CSO

perform, compared to a well-developed algorithm.

e Chapter 5 - Conclusions and Future Work: This chapter presents the
conclusions drawn from the performed tests and suggests directions for future
work in the field.



Chapter 2

EA-based Optimization

EAs represent a wide class of stochastic algorithms. The notable rise in the use of
such algorithms followed the rapid increase in computational power. Consequently,
the corresponding wall clock time was drastically reduced. In addition, they gained
significant interest due to their non-mathematical foundation, their ease of adaptation
to various problems, and their flexibility in comparison to deterministic algorithms.
The only thing needed is an evaluation software to assess each individual. Their
greatest advantage is that they do not fall in local optima. However, the time required
to find the optimal solution can be quite large, as it demands a significant number
of evaluations to reach it. The concept of EAs is not new; they were proposed in
the 1960s [43] [44] [45]. Their foundation stems from Darwin’s theory of evolution of
species.

With the term ”evolution”, we describe the automatic process of adaptation to
each system to the environment. The term ”environment” includes all the external
conditions that affect the system. EAs are computational models that, through a
process analogous to the evolutionary adaptation of individuals in the environment,
solve problems. For this purpose, they utilize stochastic mechanisms of evolution
derived from nature, and they are based on principles of the evolution of species,

which were initially developed by Darwin in the 1960s. EAs resemble, in a simplified
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way, the evolution of natural populations. According to Darwin’s theory, individuals
in a population are engaged in the struggle for resources such as shelter, food, and
survival. The successful individuals have a higher probability of reproducing and
passing their traits to future generations. This natural selection means that the
offspring of successful individuals will have better-adapted traits to the environment
and, as a result, improve the population. The combination of these favorable traits
from different successful individuals results in the population evolving and adapting
to the environment.

A fundamental characteristic of EAs is that they are population-based methods
(with a few exceptions, ES may have a population of one individual) and involve an
iterative process, similar to other stochastic methods (e.g., CSO). While EAs were ini-
tially developed for solving single-objective problems, with appropriate modifications,
they can, also, address MOO problems to provide the Pareto front of non-dominated
solutions.

A special place among EAs is held by the GA[10], [11], [12], which is the most
widely recognized EA. Two other prominent categories with extensive applications
are ES [13], [14], [15], [16], [17], [18] and GP[19], [20], [21], [22], [23]. Below is a

concise overview of the three main categories of EAs and their applications.

2.1 The Generalized EA - (u,\) EA

In this section, a Generalized EA is introduced, combines elements of GA and ES. This
algorithm, also referred to as the (u, A\) EA, was developed by the PCOpt /NTUA, as
mentioned earlier. Further details can be found in [2]. However, since the developed
software, EASY, is based on this algorithm and is used for comparison with the CSO
algorithm presented in this thesis, the (u, A) algorithm is also briefly presented herein.

The (u, A) EA handles populations of solutions. This iterative process is repeated
until a convergence criterion is satisfied. The convergence criteria can be one or any

combination of the following:

e The best solution is no longer improving,
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e The population becomes homogeneous,

e The computational time limit provided by the user is reached.

Before proceeding with the detailed steps of the algorithm, it is essential to intro-
duce the three groups of individuals that the algorithm operates with. The first group
is G, the parent group, which consists of y individuals. The parents are selected by
applying the parent selection operator and the offspring by applying the crossover,
mutation and elitism operators. The second group is G**, the offspring group, which
consists of A individuals. Finally, the third group is G%¢, the elite group, consisting
of the elite individuals. The superscript ¢ is the generation counter, indicating that
these groups evolve over successive generations. The elite group holds the best solu-
tions identified up to the current generation, ensuring that these superior solutions
are preserved throughout the evolutionary process. Further details can be found in
[2].

2.1.1 Parent Selection

One of the most critical parameters influencing the performance of the algorithm
is the parent selection operator. Its objective is to exploit the best characteristics
of high-quality candidate solutions, refining and improving them across generations.
Ideally, this process guides the EA toward convergence on a satisfactory and accept-
able solution for the optimization problem at hand.

The literature proposes several parent selection operators. Despite decades of re-
search, no universal guidelines or theoretical frameworks exist to determine the most
suitable parent selection operator for a given problem. This is a significant challenge,
as an inadequate parent selection operator can result in premature convergence and
inefficiency.

Six different Selection Operators (SOP) [46] are considered the most common ones:
roulette wheel selection (RWS)[47], stochastic universal sampling (SUS)[48] [49], lin-
ear rank selection (LRS) [49], exponential rank selection (ERS) [49], tournament
selection (TOS) [49] [50], and truncation selection (TRS) [49]. From this list of op-
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erators, only TOS is presented here, as it is the one used for the simulations in this

thesis.

2.2 Constrained Optimization

Optimization problems with physical significance include, usually, constraints. For
instance, when designing a transportation system with minimal cost, the objective
function could represent the total cost. However, the design must also satisfy various
physical and safety regulations to ensure that it can handle the required loads without
failure. Therefore, the strength limits must be considered as constraints and must
not be exceeded under any circumstances. It is important to note that there is no
need to impose constraints on the objective functions, such as a maximum allowable
cost in this example, because the solutions are optimized based on these functions,
making it unnecessary. A constraint may involve a subset of the design variables,
or even all of them simultaneously. In a black-box approach the evaluation software
must be able to provide the EA not only with the values of the objective functions
£i(X), but also with the values of the constraints g;(X) for each candidate solution
X , since the solution must be tested in every aspect of the problem.

The infeasible individuals in the population that do not satisfy one or more of the
constraints should never be ignored by the EA. If they are allowed to reproduce freely,
the population will acquire unsuitable characteristics over time, and optimization will
fail.

There are two categories of constraints: equality and inequality constraints. In this
thesis, the analyzed problems involve inequality constraints of the form gl()? ) < 0.
Therefore, only this category is discussed in detail. If the constraint value is greater
than the threshold but below the nominal value, the individual receives a ”soft”
penalty. Otherwise, it receives a "death” penalty. A penalty is calculated for each
individual based on the constraints it does not satisfy. The total penalty is the sum or
product of all penalties for each constraint the individual violates. In some cases, it

may be more appropriate to use the product of penalties, depending on the developer’s
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choice. The penalized fitness is given by the following equations:

If all the constraints are respected,

fp()?i) = f()?z) (2-1)
else,

—

fp(Xi) = f(X;) + Penalty (2.2)

where fp()?i) is the penalized fitness of the ¥ individual and Penalty is given by

Ne Nc
Penalty = Z penalty; or Penalty = H penalty (2.3)
j=1 Jj=1

where nc is the number of constraints and penalty; is an exponential function de-
pending on the value of each constraint j, the nominal threshold C7™® (which is
zero, since the the form of constraints is g; < 0), above which an individual receives
the "soft” penalty, and the relaxed penalty value C’jD, above which an individual re-
ceives a "death” penalty. For every constraint, both values are selected by the user.

In summary:

If g, ()E") < CJTHR — Penalty; =0 (2.4)
} (X) — crm
If ¢ < g;(X) < CP — Penalty; = exp gJ(D ) = (2.5)
Cj — Gj (X)
If gj()f) > C’;-D — Penaltyj = "Death” Penalty (2.6)

Figure[2.1|shows how the penalty value increases as the constraint value approaches
the CP value. In some cases, researchers may assign a ”death” penalty to a solution
when the penalty becomes extremely high, even though the constraint value is still
lower than the nominal value. This "death” penalty value could be something like

10%°, which is considered sufficiently large to discard a solution.
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Figure 2.1: Penalty function between the threshold C/™ and the nominal penalty

value C;») )

2.3 MOO Problems

Consider a MOO minimization problem with M objectives and N design variables,
where there are M objective functions fi(X), fo(X), ..., fu—1(X), fu(X) that de-

pend on the same n common design variables. The vector-valued objective function

- —

to be minimized, f(X), is defined as:

Fi(X)
f2(X)

Far1(X)
| fu(X)

The primary issue that arises based on the theory of EAs presented in Section 2.2

lies in the area of parent selection. All methods proposed in for SOO, ranked solutions,
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from best to worst, use the value of f ()Z ) as a criterion. However, in MOO, there are
now many equally important and almost always conflicting objective functions f,(X ),
which makes it far from obvious which offspring should be selected as parents.

In MOO, unlike SOO, there are many optimal solutions instead of just one. A
vector Xp is referred to as a Pareto optimal solution if, in a minimization problem,
no other vector X exists in the design space such that fz()? r) < f,()z p) for every
i = 1,2,...,m, and simultaneously fj(XR) < fj()zp) for at least one objective j.
Conversely, a vector Xp is said to be dominated by Xp if f@()? r) < fl()? p) for every
i =1,2,...,m, and f;(Xg) < f;(Xp) for at least one objective j. The set of all
non-dominated solutions generated by the algorithm forms the Pareto front, which
represents the trade-offs between the objectives. The Pareto front can be visualized
effectively only in 2D or 3D.

Two members of the Pareto front cannot be compared to each other without in-
volving extra criteria. In a two-objective problem, it is generally expected that one
solution will perform better in one objective and worse in the other, compared to
another solution that behaves inversely. For this reason, a family of optimization
methods that has started to find significant applications (especially in optimization
problems in aerodynamics) is those based on the concept of the Pareto front. These
methods do not compute a single solution but instead a Pareto front.

The solution to a MOO problem does not conclude with the calculation of the
Pareto front. Instead, it marks the beginning of a new phase: selecting a preferred
solution among all the optimal solutions. However, this is not a topic relative to
this study, so it won’t be detailed further. In order to compute the Pareto front, a
utility function, denoted as ®, is introduced. @ can represent a combination of all

the objective functions f,,. For example, it can be expressed as:

M
m=1

where w,, are the corresponding weights of f,,, indicating the prioritization or impor-
tance of each objective. Figure illustrates how a Pareto member is not dominated

by any other individual, as shown by its dominance boundaries, and how a non-Pareto
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Figure 2.2: The red dots denote the Pareto front in a two-objective minimization
problem, while the blue dots present the some dominated solutions by the Pareto
front.

individual dominates others, indicated by its extended dominance lines.

Calculating ® using weighted values for the objective functions is a basic approach
that often leads to suboptimal results. To address this issue and deliver improved
outcomes in computing the Pareto front, various algorithms have been developed, such
as NSGA (Nondominated Sorting Genetic Algorithm)[51], SPEA (Strength Pareto
Evolutionary Algorithm)[52], and their evolved alternatives. Since SPEA-II is utilized
in the CSO algorithm this thesis is dealing with, further details on it can be found in
this chapter.

2.3.1 SPEA

Strength Pareto Evolutionary Algorith (SPEA) [52] is a many objective optimization

algorithm and belongs to the field of evolutionary multiple objective algorithms.
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Figure 2.3: Non-Dominated solutions in red denote the Pareto front with green dot
being a random solution on the Pareto, while the blue are some domianted solutions
and the magenta dot present a random dominated solution by the Pareto front.

The ”Strength Pareto” concept plays a critical role in SPEA. The objective of the
algorithm is to identify and preserve a set of non-dominated solutions, ideally forming
a Pareto optimal set. All Pareto optimal solutions are part of the ”Pareto optimal
set”, which consists of the best non-dominated solutions in the objective space.

Two main parameters are considered for each solution:

1. **Strength Pareto (S(7))**:

. n
ERE

S(i) (2.9)
where n is the number of individuals (each representing a solution vector) that are
dominated by or are equal to individual ;. Dominated solutions have lower strength

values compared to others according to Eq. (1).
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2. **Fitness Value (®(j))**:

a(j) = 3 800, (2.10)

Vi<j

where ®(j) for individual j in the population is calculated by summing the strength
values S(7) of all population members that dominate () or are equal to individual
],

This fitness assignment implies that solutions with lower fitness values are better.

2.3.2 SPEA-II

Similar to the steps presented in Subsection for the basic SPEA algorithm,
the enhanced version, SPEA-II [53], is presented in the following paragraphs. This
improved algorithm incorporates mechanisms to better preserve diversity and ensure
convergence toward the Pareto front.

Let G** denote the main population at generation t. Similarly, let G represent
the archive of elite individuals at generation ¢, which contains the best non-dominated

solutions found so far.

2.3.2.1 Steps of SPEA-II

(1) Initialization: Set t = 0 and generate the initial population G5* and empty
archive Gg°.

(2) Calculate Fitness Values: For each individual 7 in both the archive elite
group G*¢ and the offspring group G**, the strength value S(i) is calculated using

the following equation:
S@)=|{jlje G +G"*&i>j}, (2.11)

where the symbol U stands for the multiset union, > corresponds to the Pareto

dominance relation, and & means AND.
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In SPEA-II, the fitness F'(i) is defined as:
®(i) = R(i) + D(i), (2.12)
where the raw fitness of individual ¢ can be calculated by the following equation:

Ri)= > S() (2.13)

JEGEAUGHe

However, if the optimization goal is to minimize the objective f(i), the raw fitness
should be minimized, i.e., R(i) — min, corresponding to a non-dominated individual.
The individual’s density D(i), for distinguishing those with the same raw fitness
values, is calculated using the k-nearest neighbor method, using the following equa-
tion:
1

D(i) = (2.14)

where o represents the objective-space distance between the i-th individual and the

k-th nearest neighbor. The x-th nearest neighbor is defined as k = %HE

, where € is
the number of elites and ¢ is a constant integer value on the order of 2-3. In this way,
the k-th nearest neighbor dynamically changes according to the number of elites in

each generation.

2.4 Metamodel-Assisted Evolutionary Algorithm
(MAEA)

In a lot of optimization problems, EAs require a large number of evaluations to
reach high-quality solutions. The computational cost per generation is dominated by
the evaluation of the objective functions, especially when these evaluations involve
time-consuming simulations or external software. Typically, this cost scales with the
population size A, leading to a total of Ag evaluations over g generations, excluding
those that already exist in the database. When Ag becomes very large, the total

runtime may exceed the limits of what is feasible using conventional CPU resources.
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To address this generic issue, the concept of Metamodel-Assisted EAs (MAEAs)[54],
[55], [56] has been introduced. A metamodel significantly reduces the overall com-
putational cost while maintaining good convergence behavior. MAEAs operate using
the already discussed selection and reproduction techniques, but with the addition of
metamodels that can predict the objective function values of candidate solutions. In
simple terms, a metamodel can be seen as a function with adjustable weights, which
are tuned to approximate the objective function’s value. To ensure a good approx-
imation, a database is required containing pairs of previously evaluated individuals
and their responses. The metamodel uses this data to train itself on-line, separately
for each new offspring to be evaluated, and approximate its objective functions, much

faster, thus dramatically reducing the overall optimization cost.

MAEA Functionality

The operation of a MAEA can be broken down into two key phases [54], [55]. The
first phase (which runs as a conventional EA) involves filling the database with suf-
ficient data to ensure that the metamodels built during the process are effective.
If previous exact evaluations have already been performed using the same software,
these can directly be incorporated into the database before running the MAEA. If
these evaluations are deemed adequate for tuning the metamodels, this phase can be
skipped. However, if not, the MAEA behaves like a standard EA during the initial
generations. This means each new candidate solution is evaluated using the evalua-
tion software and then added to the database, along with its corresponding objective
function value.

Once this initial phase is completed, the second phase begins. During reproduction,
a local metamodel is created for each offspring, trained using the data from nearby
evaluated solutions in the database. This results in the creation of A personalized
metamodels, each capable of providing an approximate evaluation of the \ offspring.
The population is then ranked based on the metamodel predictions, and the top
individuals are sent for exact evaluation by the software to verify their characteristics.

The user can specify the number of individuals to be re-evaluated on the problem-
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specific model, denoted as A., with the requirement that A\, < A so that the use
of metamodels still offers a significant reduction in computational cost. The exactly
evaluated individuals are then added to the database to further enrich it for future
usage.

This process is known as Low-Cost Pre-Evaluation (LCPE) and has proven to be
highly efficient, especially when Radial Basis Function Networks (RBFNs) are used
as the metamodels [54], [55], [56]. It is also particularly efficient when applied to
MOO problems [57].



Chapter 3
Chicken Swarm Optimization

Among other optimization methods, bio-inspired algorithms have become a promi-
nent area of research, demonstrating their potential across various domains. These
algorithms draw inspiration from natural phenomena and the behavior of living or-
ganisms, offering innovative approaches to solving complex optimization problems.
In particular, swarm optimization algorithms, which replicate the collective behavior
of groups of organisms, have shown exceptional efficiency and effectiveness in tackling
challenges in fields such as machine learning and engineering.

This chapter delves into a specific algorithm in this category: the CSO Algorithm
[25]. Over the last decade, CSO has emerged as a promising meta-heuristic algorithm,
attracting substantial interest from researchers[42] due to its simplicity, adaptability,
and robust performance. By modeling the social behaviors and hierarchical structures
observed in chicken swarms, the CSO algorithm offers a unique and effective approach
to optimization.

The chapter is structured as follows: It begins with an overview of the fundamental
principles underlying the CSO algorithm, providing a conceptual understanding of its
mechanics. Subsequently, the implementation of the algorithm, as developed by the

author, is detailed.
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3.1 CSO Algorithm

A simplified version of the CSO algorithm is presented in Table In this table,
TN is the total number of chickens, RN is the number of roosters, HN is the number
of hens, C'N is the number of chicks, M /N is the number of mother hens, G is the
population re-arrangement factor and Max_Generations is the maximum number of

generations.

Chicken Swarm Optimization Algorithm

Initialize a population of T'N total number of chickens and define the related parameters
(RN, HN, M N, CN, G, Max_Generations, Number of Objectives, boundaries for each

design variable).

Evaluate the fitness values of the T'N chickens, ¢ = 0.

While ¢t < Max_Generation:

Ift % G=0:

Rank the chickens’ fitness values and establish a hierarchical order in the swarm.

Divide the swarm into different groups and determine the relationship between the

chicks and mother hens in a group.

End if

Fori=1:TN:

If 7 is a rooster, update its solution/location using equation (3.3,

If 7 is a hen, update its solution/location using equation [3.6}

If 7 is a chick, update its solution/location using equation [3.7}

Evaluate the new solution.

If the new solution is better than its previous one, update it.

Set the elite individuals.

The whole is added to the database.

End for

End while

Table 3.1: Framework of the CSO.
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Implementation Details

The CSO algorithm, discussed in this study, is developed for minimization and op-
erates in a more straightforward manner than what has been explained previously,
specifically, it employs the following rules. Within a flock, there are distinct popu-
lations of roosters, hens, and chicks. Each of them is structured into units that are
referred to as groups whereby each unit has one rooster, several hens and chicks. The
structure of the groups is defined from top to bottom as the rooster which sits at the
top, hens in the middle and chicks at the bottom. The rooster’s count determines
the number of groups in the flock. The user defines a number of parameters for the
algorithm including the number of roosters and the number of hens and chicks. So,
since the total population is accounted for by the sum of these three, it does not
need to be defined explicitly by the user. The user also specifies the new generation
factor G which essentially determines when the population rearrangement mechanism
is triggered, the maximum allowable generations, and the number of design variables
and their limits. More detailed information about the input file can be found in
Appendix [5.1]

The mechanism of constraint handling and penalty assignment is discussed in more
detail in a later section. However, it is important to note that, in this approach, the
nominal (CMR) and relaxed (CP) threshold values are user-defined. The individ-
uals exceeding CP are considered to have incurred a ”death” penalty and must be
reintroduced into the population through a resurrection mechanism.

The initial positions of all chickens are generated randomly using a uniform real
distribution, ensuring they lie within the boundaries of the design variables. The
hens are assigned to their rooster mates as follows: First, the total number of hens
is divided by the number of roosters. Each rooster is initially assigned the quotient
number of hens randomly. Any remaining hens (those left over after the division) are
then distributed one by one to the roosters, continuing serially, until all hens in the
population are assigned to the roosters in the flock. For example, if there are two
roosters and seven hens in the flock, then each rooster is assigned with three hens and

the one remaining is assigned to the rooster with the best fitness. So, the first/best
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rooster has four hens in its group and the second has three hens. The same rule
applies to the assignment of chicks to their mother hens. Note that the hens that are
declared as mothers are randomly selected. Once the initial population (Generation
0) has been constructed, its evaluation is ready to be performed.

After initialization and the first evaluation, the main loop of the algorithm begins.
At each generation, the position of each individual is updated according to mathe-
matical formulas that will be detailed later in this chapter. Once the new position
is computed, it is checked against the predefined boundaries. If the position exceeds
these boundaries, the position is assigned the value of the boundary. If it is iteratively
modified by adding or subtracting values to ensure it lies within the boundaries, until
the solution is within the acceptable range, the algorithm loses its sequence, as the
hens may not follow their mate rooster and the chicks their mother hen. This process
not only ensures that the solution stays within the specified range but also mini-
mizes the likelihood of multiple individuals lose their connection with other related
individuals, which can occur when the solution is adjusted to lie on the boundaries.

While the function for evaluating individuals is running, the algorithm calls an
external evaluation software, a separate program responsible for assessing the indi-
viduals. The necessary information for this process is retrieved from specific files.
More details about the input file can be found in Appendix [5.2]

The algorithm, then, determines whether the chickens are in a better position with
respect to the constraints. First, the fulfillment for constraints, if any, is checked. If
all constraint values are below their respective thresholds, the solution is considered
to respect the constraints. However, if the value of at least one constraint exceeds the
CTR byt remains below the CP, the chicken incurs a penalty in its fitness values,

calculated as follows:

fpenalized - f + Penalty (31)

where
N, 9 _C;_I“HR

Penalty = 263 or9i f (3.2)
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where N, is the number of constraints, ¢; is the computed constraint, C'HR is the
nominal threshold, and CP is the relaxed threshold value. From this point onward,
every chicken sorting operation is performed using fpenalizea- Naturally, if there are
no constraints or if the chickens respect the constraints, the values of f and fpenalized
are identical. In the case that more than one constraint is not respected, the higher
penalty value is used for the penalty computation. If the value exceeds the CP,
the chicken incurs a ”"death” penalty, meaning that the penalized fitness fpenalized
becomes the largest possible value, representing ”"death”. Since the algorithm has
no reason to continue in this state, a new chicken takes its place from the database.
This new chicken may be penalized or not, but certainly will not carry a ”death”
penalty. If the database is empty (which occurs in Generation 0) or if all chickens
suffer a death penalty (an extreme case), a completely random position is assigned
to the new chicken. The role of the chicken (whether rooster, hen, or chick) remains
unchanged.

The penalized fitness value determines the classification of the chickens. Those
with the smallest fitness values, since it is a minimization algorithm, are classified
as roosters, while those with the largest fitness values become chicks, and those in
between are classified as hens. Fitness values are calculated after the evaluation of
each individual by the evaluation software. Each individual’s position and fitness are
updated only if the calculated fitness is better than the previous one and if it does
not carry a ”"death” penalty. Otherwise, the position of the chicken is not updated,
even if it respects the constraints. However, a chicken may still be updated even if
its fitness value is worse, as long as it respects the constraints, since solutions that
respect the constraints are the primary goal.

The evaluation of the entire population is carried out at every generation. How-
ever, the rearrangement of populations is conducted only after every GG generations.
The process of assigning rooster mates, mother hens, and chicks is performed in the
same manner as described above. After every iteration, every chicken that has been
evaluated is stored in the database.

The database only keeps the essential information: the chicken’s ID, its design

vector, the fitness values (for MOO, this includes all fitness values; for SOO, there
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is just one fitness value), penalized fitness values, constraint values, and whether the
chicken is penalized or not. A chicken is considered non-penalized if all of its con-
straint values meet the constraints, otherwise it is penalized. Also, in unconstrained
optimization, the fitness values and the penalized fitness values are identical. As for
the algorithm’s implementation, all data is stored in C++ objects for processing and

it uses real encoding by default.

3.1.1 Movement of the chickens

The mathematical formulas for the calculation of chicken positions are presented. The
position of the ¢-th individual in the j-th dimension at the t-th generation is denoted
by xfj The movement of chickens within the design space follows stochastic rules
based on their hierarchy: roosters lead the group, followed by hens, and finally,
chicks. The movement of the chickens is described in hierarchical order. First, the
movement of the roosters is described, followed by that of the hens, and finally, the
movement of the chicks.

It is important to note that the formulas used to compute each individual’s position
have been modified. The basic structure presented in [25] is followed; however, the
original algorithm is quite sensitive and prone to getting trapped in local minima.
To address this issue, a later study presented in [58] introduces a modification to
the chicks’ position update formula. This idea can be further expanded to enhance
the overall performance of the algorithm. Therefore, an additional modification is
proposed by the author, which involves changes to the position update formulas for

both roosters and chicks.

3.1.1.1 Movement of roosters

Each rooster serves as the leader of its groups. Those with better fitness values are
given priority access to food over those with lower ones. Consequently, roosters with
superior fitness values should move across a wider area in the design space, reflecting
their dominant role and enhanced capability to explore resources. According to [25],

this can be formulated as:
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it =al - (1+N(0,0%) (3.3)

%,J

17 if % S )
o? = fos fi (3.4)
exp (G“l';fé) , otherwise

where k£ € {1, N} and k # i. When there is only rooster in the flock & = i and
0% = 1. The term N(0, 0?) refers to a Gaussian distribution with mean value 0 and
variance o2. The constant € is used to avoid division by zero and represents the
smallest positive constant in the computer system. The variable k£ denotes the index
of a rooster, which is randomly selected from the group of roosters. The function f
represents the fitness value associated with the corresponding position x.

There some cases, however, where roosters may be trapped in local minima, causing
the group to get trapped as well. In order to overcome this drawback, a simple idea
is proposed. The rooster with the worst fitness is forced to take a random position
in the design space with a 50% probability. In case this happens, there two different
formulas that can be chosen with equal probability each, the first is a complete random

position in the design space and the second is given by this formula:

xi‘"j‘l — xmin,j -+ (xmax,j — xmin,j) . Rand(07 1) (35)

where Rand(0,1) is a uniformly distributed random value in the range [0,1]. This
mechanism acts as a strong mutation operator, similar to the one employed by EASY.
For example, in the case where only one rooster forages in the flock and it might
mislead the group, this mechanism is applied to it, as it is considered to be the
“worst” individual at that time.

Another modification occurs when updating the position of a rooster. In SOO
problems, if the best solution does not improve after two generations, the standard
deviation is set to 0.01. This adjustment assumes that the current region might con-
tain the best solution, and thus intensifies the search in a smaller, more focused area.

Similarly, in MOO problems, the same value is assigned to the standard deviation
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if the number of solutions on Pareto front remains unchanged for two consecutive

generations.

3.1.1.2 Movement of hens

The hens follow their group mate rooster to search for food. Furthermore, they may
stand in a better position and steal food from other hens in a different group. The

position of a hen in the flock is calculated as follows.

e =zl 4+ S - Rand(0,1) - (2, , — 2% ;) + S, - Rand(0,1) - (af,; — 2%,)  (3.6)

T27j - [2¥}

where S7 = exp (f ff_ﬁle), Sy = exp ( ]lc}i;'fg) , Rand is a random number sampled
from a uniform distribution over [0, 1], and the indices r; € {1,2,..., TN} the index
of the rooster that is a group-mate of the i-th hen, and ro € {1,2,... , TN}. The
index of a randomly chosen chicken (rooster or hen) from the entire swarm. The
constraint r; # ry ensures that the indices are distinct and can never be equal. As
for the fitness values f;, f,,, fr,, it is expected that f; > f,, since a rooster is expected
to have a lower fitness value than a hen. Additionally, f; > f., if 75 is a rooster or a
hen in the first half of the cumulative population of hens and roosters, and f; < f.,
if r5 is a hen in the second half of the cumulative population. When f; > f,,, 51 > 1,
which indicates that the i-th hen is influenced more by its rooster group-mate. It is
important to note that S, can take very high values, leading to delays. Therefore,

it has been decided to normalize the exponent, rather that keep the exponent as the
difference of f,., — f; [25].

3.1.1.3 Movement of chicks

As mentioned above, chicks forage for food only around their mother hen. This is

formulated as:

t+1_ ot t ¢
v =x;+ FL0,2) - (7, ; — 7; ;) (3.7)

3J i,J
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where 7, ; denotes the position of the i-th chick’s mother (j € {1,2,..., N}).

FL (FL € {0,2}) is a parameter indicating that the chick would follow its mother to
forage for food. Considering individual differences, the FL of each chick is randomly
chosen between 0 and 2.

To address the early convergence problem of the algorithm, [58] proposed a mod-
ification whereby chicks are allowed to update their positions using an alternative
strategy with a probability of 25%, instead of strictly following Equation 3.7, To
promote a broader exploration of the design space, when a chick is selected to up-
date its position differently (with the probability of 25%), it either follows the rule
defined in Equation with a probability of 50%, or is assigned a completely random
position—analogous to the position update strategy employed by roosters—with the

same probability.

I’t+1 = Tmin,j + (xmax,j - xmin,j) ' Rand(()? ]‘) (38)

1]

3.2 Single-Objective CSO

In SOOQO, the problem is typically defined by a function f (X ) to be minimized. The
optimization process involves exploring the search space to identify the solution X
that minimizes f(X) while adhering to the specified constraints.

In this thesis, the solution X* is determined through the movement of chickens
within the design space. Each solution is required to respect the boundaries and
constraints defined by the problem. Understanding the dynamics of chicken movement
in the search space is key to solving optimization problems effectively, as it mimics
natural processes that help in exploring the solution space efficiently. By leveraging
the movement patterns of different types of chickens (roosters, hens, and chicks), we
aim to find the best possible solution for the given optimization problem.

After the evaluation of a chicken, the algorithm checks whether the new position
yields a better fitness value. If it does, the penalty status check is performed. If

any of the chicken’s constraint functions exceed the nominal death value, it receives
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Rooster number Hen number Mother hen number Chick number

Figure 3.1: Example of a flock in groups

a death penalty and is resurrected this actions is detailed later in Subsection |3.4.4]).

If the constraints do not exceed the CP but are still above the CTHR a penalty is

applied and the chicken returns to its previous position. Otherwise, it successfully

updates its position.

If the chicken does not improve its fitness value, it returns to its previous position, as

described earlier, unless it is forced to update its position according to the mechanism
detailed in Subsection [3.1.11
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3.3 Multi-Objective CSO

The concepts discussed above are specific to SOO problems. For MOO, additional
computations are incorporated. In this thesis, the algorithm employs the SPEA-II to
calculate the fitness (®) of each individual. A key difference in the implementation
of SPEA-IT within the CSO framework is that the x-nearest neighbor is defined as
the closest individual to the examined individual, based on their actual distance in

%He. This approach

the objective space. It is not computed using the formula x =
ensures the effective handling of multiple conflicting objectives by balancing trade-offs
and maintaining a diverse set of Pareto-optimal solutions.

For the elite population, the algorithm stores only those individuals that belong to
the Pareto front, even if the user requests a larger number of individuals. Conversely,
if the user requests fewer individuals than the total number of elites, the algorithm
stores and returns only the specified number of individuals, selected in the sequence

they were calculated.

3.4 Elite Selection

The selection of elites plays a significant role in the effectiveness and performance of
the optimization process. As mentioned earlier, after evaluation, a chicken updates its
position only if it achieves a better fitness value while still respecting all constraints. In
SOO problems, this process is relatively straightforward. However, in MOO problems,
additional challenges arise due to the need to balance multiple conflicting objectives,

making the selection criteria more complex.

3.4.1 Elites in SOO problems

In SOO problems, the solution is checked to determine whether the penalized fitness
fp is better than the previous one. If f, is better and the chicken is not penalized at
all, then the solution is updated as indicated by f,, and in such a case the penalized

fitness is equal to the normal fitness, f, = f.
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Otherwise, if the chicken’s ”death” status and previous ”death” status are both
true, then the chicken undergoes a resurrection procedure, which is discussed later.
If the chicken’s ”death” status is true but was false in the previous state, then the
chicken returns to its previous state so that it can continue searching for a better
solution without being penalized. If the solution is not improved, then once again,
the chicken resurrects if both the current and previous ”death” statuses are true.

Otherwise, it returns to its previous state.
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Figure 3.2: Elite Selection in MOQO. The new individual, if it is in the green or in
the deep blue position, is added in the elites group. In contrast, the one in the red
position does not.

3.4.2 Elites in MOOQO problems

In MOO, things become more complicated. To fully comprehend the method, let us
consider a simple example of a MOO problem with two objective functions. In this

example, 11 individuals are used, and the result shown in Figure is taken after
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t generations. Individuals 1, 3, and 7 form the Pareto front as it was before the '
iteration.

Suppose the eleventh individual has moved within the search space and obtained
objective function values that lead to three possible conditions, as illustrated in Fig-
ure If this position is the one denoted by the red dot, then it does not belong
to the Pareto front. If it takes the position denoted by the intense blue dot, then it
is not dominated and it does not dominate any other individual on the Pareto front;
thus, this individual is added to the Pareto front. In the last case, denoted by the
green dot, this particular individual dominates one individual on the Pareto front
and is not dominated by any other individual in the front. Consequently, the sixth
individual is replaced by the eleventh.

Back to the CSO now, having in mind the discussion above, the algorithm takes
into account not only the raw fitness calculated by the SPEA-IT algorithm to compare
individuals for the elite selection, but also the mechanism discussed in the previous
example. Specifically, if an individual takes a position corresponding to the intense
blue dot illustrated in Figure [3.2] it is added to a container holding all possible elite
individuals. The actual elite selection occurs later. In case the position is as denoted

by the red dot, the following may happen:

Red Dot Conditions

Current ”"death” status true and Previous "death” status false — return to
previous state.

Current ”death” status false and Previous "death” status true — update to
current state.

Current ”death” status true and Previous "death” status true — chicken resur-
rects.

Current penalty status false and Previous penalty status true — update to
current state.

Current penalty status true and Previous penalty status false — return to pre-
vious state.

Current penalty status true and Previous penalty status true — if the raw fitness
is better, update to current state; otherwise, return to the previous state.

If the position is as denoted by the green dot, the following cases apply:
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Green Dot Conditions

Current penalty status false — update to current state.

Current "death” status true and Previous ”death” status false — return to
previous state.

Current ”death” status true and Previous "death” status true — chicken resur-
rects.

Current ”"death” status true and Previous ”death” status false — return to
previous state.

Current penalty status true and Previous penalty status true — update to
current state (this happens because the individual is in a better position; although
it is penalized, it is allowed to continue since it might improve and eventually
respect the constraints in a later state).

It is important to note that, every time a chicken updates its state, even if it is
penalized, the rationale is to allow it to continue moving, with the expectation that
it will eventually reach a better state.

Later, every solution found during the current iteration—including the entire pop-
ulation, the already existing elites, and the possible elites—is gathered together. All
these solutions are then compared with each other to separate dominated from the
non-dominated ones. The solutions that are not dominated by any others form the
newly created elite group.

Moreover, when the search for elites is performed, if an individual is found to
be identical to one in the elite group, a possible replacement occurs. This means
that the identical chickens acquire a noise in their position and are reinjected into
the population. As a result, they replace chickens with the worst fitness while also
inheriting the attributes associated with their specific ID to maintain connection in
the population. Specifically, roosters retain their assigned hens, hens keep their mate
rooster and chicks, and chicks inherit their mother hen.

Last but not least, an additional mechanism is implemented to handle penal-
ized chickens in MOO problems. During population rearrangement, each penalized
chicken’s position is replaced by that of a randomly selected elite individual, with
added noise. This happens with a probability of 75%.

When the maximum number of elites has not yet been reached, the noise is con-



3.4. Elite Selection 37

strained to a smaller region around the selected elite, increasing the likelihood of
discovering and adding another elite individual to the elite set. Otherwise, the noise
is applied over a broader area, promoting exploration of different regions in the design
space. This broader search comes with the risk of placing individuals in areas where
they may be penalized. This mechanism is introduced to address situations where only
a few non-penalized individuals are available to form the elite pool. By forcing pe-
nalized individuals to relocate near elite ones, the pool of potentially high-performing

solutions is expanded, thereby enhancing the overall algorithm performance.

3.4.3 Thinning

The user of the algorithm has the freedom to select how many elites can be on the
Pareto front. This means that the algorithm must handle the case when the maximum
elite number requested by the user has reached its limit and one more asks to enter
the elite group. The simplest way to handle such a case, albeit quite ineffective, is
to discard any chicken beyond that limit. This solution may satisfy the maximum
limit set by the user, but it may lead to a Pareto front with sparse and dense regions
in several spots. Consequently, the quality of the Pareto front is reduced, making it
more challenging for the user to understand and accurately evaluate the results.

In this thesis, to make the process smoother distances, as measured by the penalized
fitness of each chicken, are calculated. The two individuals with the minimum distance
are kept as candidates for replacement when a new elite candidate arrives. The
distance between every chicken and the new elite candidate is then calculated, and if
the minimum of these distances is greater than the minimum distance between the
two old candidates, one of the old candidates is replaced, with the selection happening

randomly. No specific criteria are applied for this action.

3.4.4 Chicken Resurrection

As mentioned previously in this section, some chickens according to some criteria are
resurrected in order to play again their roles in the algorithm. This mechanism is

presented here.
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When a chicken dies, a spot gets empty in the population. If no action was taken
to replace this spot, then the total size of the population would vary, and the algo-
rithm would lose control. In order to preserve and control the algorithm, the total
population must be fixed.

At first, the algorithm checks the ID of the chicken to determine whether it is a
rooster, hen, or chick. A search is performed in the database, where every previously
calculated individual is stored, and a random individual with the same ID is returned.
Then, its position is modified with a random noise, and a new chicken is reintroduced
into the population.

Except for the position, the newly created chicken is assigned the same relationships
it had before its death. The rooster is assigned its hens, the hen is assigned its mate
and its chicks, and the chick is assigned its mother hen. If the database is empty,
which happens during the first iteration, the chicken is initialized with the highest
possible fitness and a random position. In the extreme case where in the Generation
0 all chickens are about to die, then the same action is performed for 5 times. If their
"death” status is true every time, the algorithm terminates and the user should try

again.

3.5 DataBase

The database is used to store all evaluated individuals and is enriched in every iter-
ation. If an individual already exists in the database, it is discarded. In this thesis,
the implementation does not follow the structure of a regular database, like MySQL
etc.. Instead, it is a C++ structure containing objects with specific values. The val-
ues stored in the database include the positions of the chickens, their fitness values,
penalized fitness values, constraints, raw fitness values, and their IDs.

Every time a chicken’s position is calculated, it is checked against the database to
determine if it already exists. If it does, the stored chicken from the database is used
instead of the newly calculated one. This approach reduces the number of evaluations

performed. Additionally, the database is utilized for chicken resurrection as seen in

Subsection [3.4.4].
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A database may also serve other purposes. One of them is to train metamodels to

enhance the effectiveness of stochastic algorithms, as done in a MAEA.

3.6 Hyper-Volume Indicator

A quantitative measure is required to assess the closeness and quality of an estimated
set of solutions relative to the Pareto front. One of the most widely used and effective
indicators for this purpose is the Hypervolume Indicator (HVTI).

The hypervolume indicator measures the volume of the objective space that is
weakly dominated by the estimated Pareto front and bounded by a predefined ref-
erence point. It simultaneously captures both convergence—how close the solutions
are to the Pareto front, and diversity, how well the solutions are distributed along the
front. A higher HVI value indicates that the Pareto front dominates a greater por-
tion of the objective space, assuming the reference points are fixed and appropriately
selected, and it is commonly used as an indicator of convergence in MOO problems.

In this study, the HVI is employed to compare the quality of the Pareto fronts
produced by the EA or MAEA and CSO algorithms.
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Applications - Discussion

Initially, every optimization algorithm is tested using a series of well-known bench-
mark problems. These problems are mathematical functions, commonly referred to
as test functions. Widely recognized examples include the Rastrigin function, the
Ackley function, and others, which are characterized by many local optima and a
single global minimum, typically at zero (0, 0, 0,...0).

Since these problems are inherently challenging, optimization algorithms often risk
getting trapped in local optima. To better evaluate an algorithm’s performance and
robustness, it is beneficial to shift these functions so that the global optimum be
located at a value other than zero. This allows for a more thorough assessment of the
algorithm’s ability to explore the search space effectively.

Moreover, the complexity of the problem increases when a larger number of design
variables are introduced, making the optimization process even more demanding. This
provides an advantage when testing an algorithm compared to pseudo-engineering
problems, which are also commonly used. It is important to note that these test
functions do not include any constraints.

Pseudo-engineering problems, on the other hand, represent scenarios that are closer
to real-world applications, providing a more practical approach for testing optimiza-
tion algorithms. Unlike test functions, the number of design variables in pseudo-
engineering problems is fixed, making them easier in this regard. However, many of

these problems include constraints, which significantly increase their complexity.
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In this thesis, the shifted Rastrigin function is used to examine the parameters of
the algorithm for SOO problems. Additionally, EAs or MAEAs and CSO are com-
pared using two pseudo-engineering problems. For each problem, the population size
in every generation and the encoding method have been kept the same for both algo-
rithms to ensure the most absolute comparison possible. All other setup paremeters

are selected in order to achieve the best possible performance for each algorithm.

4.1 CSO Parameters Analysis
The Rastrigin function is defined as:

f(X Z x; — 10 cos(2mz;)] (4.1)

where N is the number of dimensions or design variables. Each dimension corresponds
to a variable z;, where i = 1,2,..., N and x; € [—5.12,5.12].

The function has many local minima, making it difficult for optimization algorithms
to find the global minimum. The global minimum occurs when x; = 0 for all dimen-
sions, and the function value is f(X) = 0. The shifted Rastrigin function used for
this analysis has its global minimum at x; = 3,7 =1,..., N. The Rastrigin function
is shifted away from the origin because CSO easily finds the global minimum at zero;
shifting the function makes the optimization task more challenging. To achieve this,

the function is defined as:
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4.1.1 CSO Parameters

This analysis will focus on three parameters of the algorithm: the number of roosters,
the number of mother hens, and the regeneration parameter G. The study will
examine how these parameters affect the solution of the problem and potentially
provide guidance on their optimal usage. The balance remains due to the adjustment
of the chicks population, when changing the number of roosters. After several runs, a
population size of 60 individuals appears to be sufficient for the algorithm to perform
both effectively and efficiently.

Moreover, for the plots and tables presented in this subsection, data from 5 inde-
pendent runs with different random seeds (initialiazation of the first population) were
used. Specifically for the plots, the respective objective function values from each run
were used individually, rather than computing average values across runs. For each
x-axis value (i.e., the number of function evaluations), if an objective function value
was not available in a particular run, the most recent previous objective function val-
ues was carried forward. For example, in a case of evaluations 14585 to 14696, if an
objective function value of 0.055 was recorded at evaluation 14585 and no new value
was available until evaluation 14696, the value 0.055 was used for all intermediate
evaluations. At evaluation 14696, when a new objective function value (e.g., 0.026)

appeared, the curve changed accordingly.

4.1.1.1 Number of Roosters RN

The number of roosters plays a significant role in the overall swarm mechanism.
Roosters are the only individuals that explore the design space independently, without
being influenced by the positions of other members of the flock, whether roosters,
hens, or chicks. As a result, the performance of the algorithm can be heavily influenced
by the quality of the rooster leaders. A poorly performing rooster may misguide
its group, negatively affecting convergence. Conversely, a competent rooster leader
can significantly improve the search process and help the algorithm find the optimal
solution more efficiently. Therefore, the number of roosters warrants discussion, not

only to highlight this aspect of the algorithm’s design but also to explain how the
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algorithm mitigates the risk of poor leadership within the swarm. Table [4.1] shows
the constant parameters used for studying the RN parameter. Table presents the

values and the number of evaluations of every run, of every case.

CSO
HN =20
MN =16

CN =39/37/35

G=5

G_Max = 350

Table 4.1: Shifted Rastrigin function. CSO algorithm parameters for RN analysis.

Before diving into the analysis of RN, it is important to highlight an interesting
observation. The RN parameter bears resemblance to the number of demes used
in the (u, \)-EA, known as Distributed EA (DEA). This functionality divides the
population into groups corresponding to the demes. These demes can cooperate and
exchange information with one another, much like the groups in the CSO algorithm,

which interact through the hen population.

RN =1

When RN = 1, there is only one group in the flock, and every chicken follows a single
rooster. As a result, the algorithm’s convergence toward the best solution becomes
highly dependent on the performance of this individual rooster. If the rooster is not
effective, the algorithm may struggle to find the optimal solution.

From Tables and it is evident that the algorithm’s performance is sig-
nificantly worse compared to the other two RN configurations. It requires more
evaluations, and the objective function achieves higher values. A likely explanation
for this is the rooster’s movement mechanism: it moves randomly and only updates
its position if it discovers a better solution. However, after two generations (see Chap-
ter 3 for algorithm details), it may randomly relocate in the design space with a 50%
probability, which disrupts its trajectory. While this mechanism is intended to help

the rooster escape local optima if it gets stuck, it also introduces instability, for this
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Table 4.2: Shifted Rastrigin results for RN =1, 3, 5, 7, and 9 (5 runs each). Bolded values denote best performance

per metric.

RN=1 RN=3 RN=5 RN=7 RN=9

Stat Eval Val Eval Val Eval Val Eval Val Eval Val
20018 0.25306 19844 0.00721 19529 0.00065 19639 0.00432 19613 0.00641
20286 2.27877 20000 0.00482 19692 0.00242 20816 1.77915 19598 0.05083
20809 0.55680 19694 0.01595 19770 0.01136 19448 0.01472 19774 0.00426
19779 0.02490 19652 0.02893 19803 0.00164 20236 0.01116 19523 0.00322
20914 0.20350 19520 0.00397 19917 0.00303 19495 0.00870 19644 0.00459
Mean 20361.2 | 0.66340 | 19742.0 | 0.01218 | 19742.2 | 0.00382 19926.8 0.36301 | 19690.4 | 0.01346
Median 20286.0 | 0.25306 19694.0 0.00721 | 19770.0 | 0.00242 | 19639.0 | 0.00870 | 19644.0 | 0.00459
Std Dev 440.12 0.82563 165.32 0.00939 128.84 0.00385 508.20 0.65260 | 101.39 | 0.01816
Min 19779.0 | 0.02490 | 19520.0 | 0.00397 | 19529.0 | 0.00065 19448.0 0.00432 | 19523.0 | 0.00322
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case, which, most likely, negatively impacts overall performance.

RN =3,5,7,9

These four selections give much better performance than RN = 1, as expected. The
mechanism mentioned above is now applied only to the worst rooster—the one with
the highest fitness. As a result, the best roosters continue their search uninterrupted,
leading their groups toward the optimal solution in each generation. The worst rooster
is free to wander when the time comes, which may allow it to eventually become the
best. If that happens, its group will follow it to the better solution.

RN = 5 yields slightly better results, as shown in Table [£.2] In particular, it
appears more stable, as indicated by its lower convergence value, lower mean, lower
median, and smaller standard deviation compared to the other RN values. The only
exception is the mean and minimum number of evaluations, which is slightly higher

than RN = 3, though the difference is negligible.

CSO RN Analysis

RN =1
RN=3
~-RN=5
RN=7
RWN=9

Shifted Rastrigin

1] 0.5 1 1.5 2 2.5
Evaluations «10*

Figure 4.1: Shifted Rastrigin function. Comparison among the mean values of 5
different RN values (RN = 1,3,5,7,9) by using five independent runs with different
seeds.
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CSO RN Analysis
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Figure 4.2: Shifted Rastrigin function. This figure presents comparison of all 5 inde-
pedent runs of 5 different RN values (RN =1,3,5,7,9).

Figure provides a graphical representation of the discussion above. In the case
of RN =1, it is evident that the algorithm performs worse: it converges more slowly,
although it seems to converge a bit faster than RN = 5 at first. Also, it reaches a
higher final value, and requires slightly more evaluations. However, the comparison
between RN = 3, RN = 5, RN = 7 and RN = 9 reveals an interesting insight.
Although earlier analysis suggested that RN = 5 yields better overall results, the
figure shows that it converges more slowly than RN = 9 until approximately 15000
evaluations. Also, RN = 7 converges slower, but it reaches almost the same value as
RN = 3 and RN = 9. This behavior highlights the nature of the algorithm when
multiple roosters are involved: the worst rooster has the opportunity to become the
best relatively quickly, potentially accelerating convergence.

Also, in Figure 4.2 it is evident that for RN = 3,5,7 and RN = 9, the variance is
lower compared to the case of RN = 1. However, despite the reduced variance, the
corresponding curves remain somewhat dispersed.

Based on the presented results, it is evident that having more roosters generally
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leads to better convergence, as the underlying mechanism benefits from a larger num-
ber of guiding individuals. In the examined case, the best performance was achieved

with RN = 5, although RN = 3,7,9 also demonstrated strong results.

4.1.1.2 Number of Mother Hens M N

The number of mother hens is a particularly sensitive parameter that significantly
affects the algorithm’s performance. It determines which hens will act as mothers
and how many chicks will be assigned to each. Since chicks follow only their respec-
tive mothers, if a mother explores poorly or inefficiently, her chicks are likely to do
the same. At first glance, it may seem risky to use only one mother in the flock.
Conversely, if all hens are mothers, there will be fewer chicks per mother, and if some
of these mothers are not effective at foraging, many chicks may also perform poorly.
Naturally, these assumptions may not be valid for all problem types, so it is advisable
for users to experiment with different mother hen configurations to identify the most
effective setup for their specific case.

This analysis tries to give the reader a glimpse of how M N works and possibly give

some guidance. The table presents the constant values of the parameters used for

these runs.
CSO
RN =5
HN =20
CN =35
G=5
G_Max = 350

Table 4.3: Shifted Rastrigin function. CSO algorithm parameters for M N analysis.

From Table [4.4] it is easy to observe that, for the shifted Rastrigin problem, select-
ing MN = % = 10 yields the best performance overall. This setting achieves lower
minimum and maximum values, along with better mean and median results. Both
MN =1 and MN = 5 are strong competitors, as they approach the performance

of MN = 10 with slightly fewer evaluations. In particular, for M N = 1, it seems
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MN =1 MN =5 MN = 10 MN = 15 MN = 20
Statistic | Evaluations Value Evaluations Value Evaluations Value Evaluations Value Evaluations Value
19549 0.00216386 19616 0.00244747 19856 0.00156522 20232 0.0374904 19868 0.00080109
19582 0.00341881 19607 0.0110887 19570 0.00296417 19854 0.00518246 19950 0.000499899
19652 0.00110059 20078 0.00002845 19454 0.00000494 19690 0.0728534 19884 0.0815115
19639 0.0326114 19412 0.00594385 20180 0.00044478 19592 0.00543264 20629 0.0648564
19433 0.00425258 19726 0.00043761 19531 0.00518246 19678 0.00133934 19530 0.0139208
Mean 19571.00 0.00819 19687.80 0.00439 19718.20 0.00243 19869.20 0.02406 19972.20 0.03272
Median 19582.00 0.00342 19616.00 0.00594 19570.00 0.00157 19690.00 0.00543 19884.00 0.01392
Std Dev 79.41 0.01285 227.41 0.00409 260.58 0.00206 219.04 0.02864 429.33 0.03368
Min 19433.00 0.00110 19412.00 0.00003 19454.00 | 0.00000494 19592.00 0.00134 19530.00 0.00050
Max 19652.00 0.03261 20078.00 0.01109 20180.00 0.00518 20232.00 0.07285 20629.00 0.08151

Table 4.4: Shifted Rastrigin function. Raw values and statistical summary for MN = 1, 5, 10, 15, and 20 after 5
runs. Bolded values denote best performance per metric.
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that a single mother hen is sufficient to consistently follow a good rooster in every
population rearrangement, achieving good results reliably. On the other hand, when
MN = HN = 20, the algorithm struggles more in terms of performance. However,
this does not imply that choosing M N = HN is always a poor choice; later, it will
become clear why, in some problems, setting M N = HN can actually improve the

algorithm’s performance.

CSO MN Analysis
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Figure 4.3: Shifted Rastrigin function. This figure presents comparison of mean values
of five different M N values (M N = 1,5,10,15,20) by using five independent runs
with different seeds.

Figure is a good example of the discussion above. The M N = 5 case appears
to converge to the best value compared to all other cases, although its convergence
is slower than the rest. Good performance, both in terms of convergence speed and
final value, is achieved with M N = 10, followed by M N = 15. On the other hand,
the worst performance is observed for the M N = 20 and M N = 1 cases. Based on
the above results, for such problems, an intermediate value of M N, neither too small
nor too large, should be selected to achieve better performance. For such problems,

values around iH N or %H N are usually sufficient.
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4.1.1.3 Population Re-arrangement Parameter ¢

The purpose of this parameter is to re-arrange the population (Table Step 4) .
This means it determines when the best chickens become roosters, the worst become
chicks, and the middle-ranked ones become hens, with the frequency of these updates
dictated by G. It also governs when some of the hens are promoted to mothers.
The goal of this analysis is to verify the claims made in [42], which state that the
G parameter should be neither too low nor too high. If G is too low, the algorithm
may quickly become trapped in local optima, whereas if G is too large, the overall
effectiveness of the algorithm declines.

The table presents the constant values of the parameters used for these runs.

CSO
RN =5
HN =20
MN =10
CN =35

G_Max = 350

Table 4.5: Shifted Rastrigin function. CSO algorithm parameters for G analysis.

The analysis presented here verifies the conclusions from [42] and both table
and figure confirms it. When G = 1, it means that in every generation population
re-arrangement occurs and the best chickens become roosters. This means that every
time the rooster starts searching from an initial position, the groups change in every
generation as well, and a rooster cannot lead its group properly. So, the exploration
ability reduces, and this causes the algorithm to eaily gets stuck in local optima.

On the other hand, when G = 50, which is quite large, only 7 re-arrangements
occur over the course of 350 maximum generations. In this case, the algorithm allows
the roosters to lead their groups for a significant amount of time. However, if an
individual other than a rooster finds a better position and gets a better fitness value,
it retains the position without becoming a rooster and thus cannot properly lead the
group. It must wait until the next re-arrangement, which might occur quite late. As

a result, the algorithm’s performance can be heavily impacted at times. The metrics
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results clearly indicate this, as the algorithm struggles somewhat in this setting.
Therefore, a compromise between these two extremes tends to allow the algorithm
to perform better. In the examples presented, G = 5 shows a slight advantage,

achieving the lowest fitness value and overall better metric results.
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Figure 4.4: Shifted Rastrigin function. This figure presents comparison of mean values
of six different G values (G = 1,2,5,10,20,50) by using five independent runs with
different seeds.

Also, for G = 2, G = 10, and G = 20, the results show quite good performance.
However, the user of the algorithm must experiment to find the best setup for each
specific problem. For the case examined, a value different from G = 1 or one that is

too large could potentially provide better performance.

4.2 Pseudo-Engineering Problems

In this study, two pseudo-engineering design problems are selected to evaluate and
compare the performance of the two algorithms. These benchmark problems are the

Vibrating Platform Design and the Two-Bar Truss Design, both of which have been
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sourced from the comprehensive suite introduced in [59]. These problems were chosen
due to their relevance in structural optimization and their ability to reflect real-world
constrained MOO scenarios, making them suitable for a meaningful performance as-
sessment. In particular, two comparisons are conducted: one with EA and another
one with MAEA.

For every run of each algorithm the fitnesss assignement mode is SPEA2. The
number of elites requested is 50 for each run. Also, for each algorithm 5 indepen-
dent runs with different initializations were conducted to ensure a more robust and
meaningful comparison, not affected by stochasticity. All comparisons are performed

under the same computational budget.

4.2.1 Vibrating Platform Design Problem

The Vibrating Platform Design problem is a constrained MOO problem used as a
benchmark to evaluate the effectiveness of various evolutionary algorithms in solving
complex real-world problems.

This problem was notably studied in [60], where has been proposed several en-
hancements to standard Multi-Objective Genetic Algorithms (MOGAs). However,
in their study, the vibrating platform problem was used solely as a representative
test case due to its inclusion of mixed-discrete variables, which introduces additional
complexity to the optimization process.

In this work, the same problem helps comparing the performance of the proposed
CSO algorithm against the EA and MAEA algorithms, and to evaluate how effectively
CSO handles MOO with mixed-variable types. The Vibrating Platform Design is a
constrained MOO problem that seeks to optimize the dynamic and cost performance
of a mechanical structure. The problem consists of two objective functions that need

to be minimized:

T EI
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fQ = 2bl, (Cldl + Cg(dg — dl) + Cg(dg — dg)) (44)

Objective function f; represents the inverse of the dynamic performance of the
platform, where L is the length of the platform, FEI is the moment of inertia, related
to the platform’s cross-sectional geometry and p is the material’s density per unit
length.

Objective function f5 represents the cost associated with the platform, which is
proportional to its material and structural dimensions, where b is the breadth of the
platform, L is the length of the platform, di, ds, d3 represent the different thicknesses
of the platform at various segments and ¢, co, c3 are cost coefficients that reflect the
material or structural cost at different thickness intervals.

It, also, involves the following inequality constraints:

g1 =pL —2800 <0 (4.5)
gp=di —dy <0 (4.6)
g3 =dy—d; —0.15<0 (4.7)
gr=dy—d3 <0 (4.8)
gs =ds —dy — 0.01 <0 (4.9)

The mass per unit length p is given by:

1=2b(prd + p2(dz — di) + p3(ds — d»)) (4.10)

The bending stiffness F1 is given by:

20
Bl =5 (Exd} + By(d — df) + Ey(dj — d3)) (4.11)

The material properties are as follows:
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pr =100, po = 2770, p3=T7780
El == 16, EQ == 707 E3 == 200
cp =500, ¢ =1500, c¢3=2800

The design variables and their respective bounds are:

0.05 <d; <0.5
0.2<dy, <05
0.2<d;<0.6

0.35<b<0.5

3<L<6

To effectively study and solve the problem, it is necessary to define two threshold
values for each constraint: the CTHR as specified by the constraint equation itself,
and a CP, defined by the user. If an individual exceeds the CP, a "death” penalty is
applied. Every parameter value is denoted by the table [4.7]

CSO EA & MAEA
RN =3 1= 20
HN =32 A =90

MN = 32 Crossover probability = 97%
CN =45 Crossover Mode = 2-point /var
G=5 Mutation probability = 5%
G_Max =400 | Parents of one offspring = 3
Tournament size = 3
Tournament probability = 90%
max_evaluations = 30000
encoding = Binary-Gray

Table 4.7: Vibrating Platform Design Problem. CSO and EA /MAEA algorithm

parameters.



56 Chapter 4. Applications - Discussion

The only way to control the maximum number of evaluations in CSO is by multi-
plying the total population size by the maximum number of generations, before the
algorithm starts. In this case, the product yields 28000 evaluations. However, some
evaluations are skipped because certain updated individuals coincide with previously
evaluated ones stored in the database. When this occurs, their evaluation is bypassed,
and the corresponding stored solutions are reused instead. As a result, for the run
presented, the actual number of evaluations performed by CSO was around 25000.
The number of total evaluations for EA remains at 30000 evaluations.

The results presented in Figure [4.5| are quite interesting and highlight the potential
of CSO. The front of non-dominated solutions (computed with the same computa-
tional budget) obtained by CSO appears to be better distributed than that of EA. In
particular, most of EA’s solutions are quite spread, but they do not reach the edges
and seem to be dominated by CSO’s solutions. The objective function values for EA
are primarily within the ranges of [—12, —4] x 1073, and within [250, 650] for fs.

CSO, on the other hand, provides a clearer approximation of the Pareto front. Al-
though the bottom-right corner of the front of non-dominated solutions appears more
densely populated compared to other regions, the overall distribution of solutions is
better and spans a wider area than that of EA. Moreover, dominance of the front
of non-dominated solutions is clearly in favor of CSO. The number of total solutions
after 5 runs are 107 for CSO and 32 for EA.

The results produced by HVI shows a well produced quality of CSO’s front of non-
dominated solutions comparing to that of EA. The HVI value of EA starts from very
low values close to 0.25, and it is increased till the value 0.72. While CSO starts from
the value of 0.3 till the value 0.75, in lesser evaluations. Both the Pareto front and
the HVI obtained by CSO appears to be superior in terms of solution quality.

Two key factors contribute to these results more than any others. The first is the
algorithm’s design, which replaces penalized individuals with elite ones, adding ran-
dom noise to their updated positions. This mechanism helps keep individuals within
non-penalized regions for foraging, and is applied every G generations. As a result,
the algorithm maintains a larger and more effective pool of individuals for discovering

the front of non-dominated solutions (computed at the same computational budget).
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Figure 4.5: Vibrating Platform Design Problem. Front of non-dominated solutions
(computed at the same computational budget) comparison CSO and EA. Both algo-
rithms display the fronts of non-dominated solutions obtained from 5 separate runs
with different initializations. The number of individuals on the Pareto is 107 for CSO
and 32 for EA.

The second factor is the selection of the M N and G parameters. When MN
is set equal to HN, the algorithm ensures that if all hens are penalized, a greater
number of individuals can be replaced by elite ones. Regarding the choice of G, the
value of 5 strikes a balance—it is neither too small nor too large. A smaller G could
cause the algorithm to repeatedly reset into non-penalized zones, potentially limiting
exploration and making it harder to discover better regions. On the other hand, a
larger G might delay the algorithm’s response to penalization, making it less effective
at escaping poor or infeasible regions. Thus, the selected value of G = 5 allows the
flock to forage and function as intended while maintaining adaptability.

As for the results produced by comparing CSO to MAEA, the outcomes show much
more similarity. The settings used for the metamodel—listed in Table [4.8—are the
default parameters recommended by EASY software.

With 30000 evaluations, MAEA is able to produce better results than in previous
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Figure 4.6: Vibrating Platform Design Problem. Convergence of CSO vs EA using
Hyper-Volume Indicator. CSO starts from a higher value and converges to a higher

value than EA.

Parameter Value
Metamodel type RBF
Exact evaluations (min) 10
Exact evaluations (max) 15
LCHE pause generations 5
Minimum DB entries 500
Not failed 50
Training patterns (min) 20
Training patterns (max) 40

Table 4.8: LCHE Settings.

runs in terms of dominance, as expected. By the end, the number of elite individuals

reaches 42 in total, as shown in Figure [£.7 The solutions are now better distributed

across the front of non-dominated solutions. CSO completes around 29000 mean eval-

uations and performs comparably to MAEA but has more solutions (107). Notably,

MAEA'’s solutions are, now, better distributed.

Figure illustrates the convergence behavior of both algorithms. MAEA demon-
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Figure 4.7: Vibrating Platform Design Problem. Front of non-dominated solutions
(computed at the same computational budget) of CSO vs MAEA. Both algorithms
display the fronts of non-dominated solutions obtained from 5 separate runs with
different initializations. The number of individuals on the front of non-dominated
solutions is 107 for CSO and 42 for MAEA.

strates faster convergence, as indicated by the lower HVI values. After 21000 evalu-
ations, both algorithms appear to converge at a similar rate. However, CSO reaches
an objective value of 0.75, while MAEA converges to a higher value of 0.85, in slightly
more ecaluations. Overall, the HVI graph demonstrates similar performance of CSO
and MAEA, which is fully consistent with the results observed in the front of non-
dominated solutions analysis (Figure .

4.2.2 Two Bar Truss Design Problem

The two-bar truss is a type of truss structure consisting of two bars connected at the
ends by either pins or joints. This type of truss is commonly used in construction and
engineering applications. It is a simplified constrained MOO problem that aims to
minimize both the volume (mass-related) and the stress of a simple truss structure.

The problem consists of two objective functions to be minimized:
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HVI Comparison of MAEA and CSO
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Figure 4.8: Vibrating Platform Design Problem. Convergence of CSO vs MAEA with
RBFN using Hyper-Volume Indicator. CSO starts from a higher value and converges
to a lower value than MAEA in fewer evaluations. MAEA reaches similarly high
values as CSO, although it requires slightly more evaluations to do so.

SECTION A-A

A

B

Figure 4.9: Schematic representation of the T'wo-Bar Truss Design problem .

f1=x14/16 + 23 + 294/ 1 + 23 (4.12)
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20,/16 + 22
V16 + 5 (4.13)

T3

fo=

Objective function f; represents a performance or cost metric related to the geom-
etry and load-bearing behavior of the truss, where x; is a design parameter typically
related to material volume or size, x5 is a geometric parameter affecting stiffness and
deformation and x3 is a scalar factor (e.g., shape coefficient or slenderness ratio).

Objective function fy reflects stress performance under load, inversely related to
the product of a design variable and a shape /stiffness parameter. The square root
and division imply inverse proportionality to stiffness and direct impact on stress.

The design must satisfy the following nonlinear inequality constraints:

g2 =f>—10° <0 (4.15)
804/1 2
gy = VI g5 < (4.16)
T3

ensuring that performance objectives do not exceed permissible limits for weight,
stress, and deformation.

The variables 1, xo, x3 are subject to the following bounds:

107° < 2y <100
107° < 25 < 100

1§$3§3

reflecting feasible ranges for geometric and physical design parameters, maintaining
the structural integrity and realism of the design space.

Two Bar Truss Design Problem with constraints is examined, now, as it is more
realistic and representative of the challenges an engineer must address. To effectively

study and solve the problem, it is necessary to define two threshold values for each
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constraint again, as done before. Every parameter value is denoted by the table [4.9]

CSO EA & MAEA
RN =3 =20
HN =32 A =80
MN = 32 Crossover probability = 97%
CN =45 Crossover Mode = discrete
G=5 Mutation probability = 5%

G_Max =250 | Parents of one offspring = 2
Tournament size = 3
Tournament probability = 90%
max_evaluations = 20000

Table 4.9: Two Bar Truss Problem. CSO and EA /MAEA algorithm parameters.

For this problem, less total evaluations than the Vibrating Platform Design problem
(around 20000 were allowed). So the maximum selected number of evaluations from
CSO is 80 - 250 = 20000 and for EA is 20000.

The results presented in Figure demonstrate promising performance of the
CSO algorithm; however, it does not perform as well as in the previously solved prob-
lem. The front of non-dominated solutions obtained by the EA appears to be better
distributed compared to that of CSO. Specifically, the EA identified 138 solutions
that are more widely spread within the same number of evaluations, whereas CSO
produced only 88 solutions. In the region corresponding to f; values in the range
[0.01,0.02], EA outperforms CSO, as CSO’s corresponding f, values are higher and
thus dominated by those found by EASY. In the left-most portion of the front of
non-dominated solutions, CSO was unable to find as many solutions as EA.

In general, CSO provides a clearer approximation to EA regarding the front of non-
dominated solutions. It is distributed quite well along the objective with small gaps
on it. This could be considered as a proof the mechanism that helps keep individuals
within non-penalized regions for foraging, can lead to a pretty good performance
comparable to a much more tested algorithm as EA. This is a useful asset of the
algorithm and its user.

The results obtained from the HVI analysis indicate that CSO produces a front of
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Figure 4.10: Two Bar Truss Design Problem. Front of non-dominated solutions
(computed at the same computational budget) of CSO vs EA. EA has a wider front
of non-dominated solutions solutions. The number of individuals on the Pareto is 88

for CSO and 138 for EA.

non-dominated solutions comparable to the EA. EA’s HVI starts from relatively high
values, close to 0, due to its the fact that in the first generations did not manage to
find elite individuals. By the end, it managed to reduce the HVI value a bit higher
than 0.9. However, it converges a bit slower, till 10000 evaluations, than CSO, which
begins with a HVI of around 0, as it initially struggles, as well, to identify high-quality
solutions. At the end, it reduces its HVI value to 0.9 faster than EA. As a conclusion,
CSO performs better than EA in this case. After 10000 evaluations, both algorithms
converge with similar rate.

As for the results produced by comparing CSO to MAEA, the outcomes are very
similar. The settings used for the metamodel, listed in Table [4.8] are still the de-
fault parameters recommended by MAEA. The same conclusions can be drawn, as
in previously described without the use of metamodel. The only change is that in
Figure MAEA gives 142 individuals instead of 138.

Figure presents the behaviour of both algorithms. MAEA struggles to find
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HVI Comparison of EA and CSO
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Figure 4.11: Two Bar Truss Design Problem. Convergence of CSO vs EA using
Hyper-Volume Indicator. Both algorithms converge with similar rate to the same
value.

solutions at the beggining as before. This is indicated by the HVI values which
equal to 1. HVI decreases till the HVI value of around 0.1.The use of the RBF
metamodel helped MAEA converge faster, with performance nearly matching that
of CSO. However, its convergence is slower up to approximately 7000 evaluations.
After, it slightly becomes better, and after 13000 evaluations they both converge

with similar rate to the same vlaues.
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Figure 4.12: Two Bar Truss Design Problem. Fronts of non-dominated solutions
(computed at the same computational budget) of CSO vs MAEA. MAEA has a
wider front of non-dominated solutions. The number of non-dominated individuals is

88 for CSO and 142 for MAEA.
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Figure 4.13: Two Bar Truss Design Problem. Convergence of CSO vs MAEA using
Hyper-Volume Indicator. Both algorithms converge with similar rate to the same
value.



Chapter 5
Conclusions

This thesis examined every aspect of the CSO algorithm as developed and imple-
mented by the author. Prior to the detailed exploration of CSO, the fundamentals of
stochastic optimization were introduced, alongside an overview of Swarm Intelligence
and the PSO algorithm, since CSO falls within this broader category. Additionally,
reference was made to the (i, A)-EA and its core principles, as it served as a bench-
mark for comparing the performance of CSO.

Regarding CSO itself, the algorithm’s inspiration from the biological behavior of
chicken flocks was analyzed. The structure and interaction among the three pri-
mary populations (roosters, hens, and chicks) were thoroughly described. Specifi-
cally, roosters lead their respective groups, hens follow their designated rooster, and
chicks follow only their mother hen. A systematic rearrangement of population and
regrouping of individuals is carried out every GG generations.

The CSO was applied to the shifted Rastrigin function, where the global minimum
lies at (3,3,...,3) instead of the origin (0,0,...,0), in order to increase the prob-
lem’s complexity and challenge the optimization process. A thorough investigation
was conducted into how the algorithm’s parameters, RN, M N, and G, influence
convergence behavior and final solution quality. To further evaluate the performance
and robustness of the implementation, two pseudo-engineering optimization problems
were also solved, the Vibrating Platform Design and the Two Truss Bar Design prob-

lems. Each problem was run both with and without the use of metamodels, integrated
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through the EASY framework, in order to study how well can the CSO perform com-
paring to a surrogate-assisted algorithm. The constrained handling provided insight
into the CSO’s adaptability and performance in more practical and computationally
demanding scenarios.

Regarding the analysis of CSO’s parameters, it is evident that operating with only
one rooster, and thus only one group, leads to inconsistent results and deviations
in solution quality. Employing a greater number of roosters improves performance,
as it reduces the risk of the algorithm being misled by a poorly performing rooster.
Increasing the number of roosters allows for broader exploration, as the flock can
forage more effectively across the search space. Moreover, this setup provides an
opportunity for underperforming roosters to evolve into effective leaders for their
respective groups. Figure 4.1, with RN = 3,5,7,9, illustrates this behavior clearly.

For the number of mothers, no definitive conclusion can be drawn. When there is
only one mother in the flock, if she follows a poorly performing rooster, she will likely
lead her chicks to suboptimal regions as well. Conversely, if the rooster is a good
leader, the chicks following their mother may produce better results. This results
in a high variation in performance, as shown in Figure 4.3 Furthermore, when
MN = HN, a large number of hens may follow a bad rooster, causing a significant
portion of the chicks to forage inefficiently. Based on this, it is advisable to use a
value of M N such that 1 < MN < HN for unconstrained problems. In contrast,
for constrained optimization problems, it is recommended to use a large number of
mothers, even M N = HN. This is because when many mother hens are penalized,
the constraint-handling mechanism forces them to forage in non-penalized regions.
A larger M N ensures that more hens, and by extension their chicks, are redirected
toward feasible and potentially better regions of the search space.

Regarding the population rearrangement factor G, setting G = 1 causes the pop-
ulation to be rearranged at every generation. This frequent reshuffling can lead the
algorithm to become easily trapped in local minima, as it prevents the defense mecha-
nisms, such as the stochastic escape behavior of roosters or the random repositioning
of chicks, from functioning effectively. On the other hand, when G is set too high, the

algorithm’s adaptability decreases, resulting in reduced performance. These observa-
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tions are consistent with the findings reported in [42]. Therefore, it is recommended
to test several values of GG, avoiding values that are too small or too large, and tuning
the parameter based on the specific characteristics of the problem at hand.

The CSO also demonstrated notable performance when compared to EA and MAEA.
For the Vibrating Platform problem, CSO outperformed EA and MAEA, yielding
more solutions with better distribution across the front of non-dominated solutions.
The results are presented in Figures and [£.71 For the Two-Bar Truss Design
problem, CSO presented slightly worse results than EA and MAEA. The results are
presented in Figures and

Overall, the CSO algorithm presented in this thesis was thoroughly evaluated and,
based on the results, has proven to be a promising optimization approach. Naturally,
further testing and validation on a wider range of problems are necessary to fully assess
its robustness and general applicability. In some cases, CSO outperformed EA and
MAEA, while in others, it performed comparably. Some of the novel ideas introduced
in CSO, as it has a swarm-based behavior, are not straightforward to integrate into
EASY due to fundamental differences in algorithmic structure. However, there is
potential for EASY to benefit from the concepts employed in CSO, possibly through

hybridization or algorithmic extensions.

Future Work

There are several ideas that were not explored by the author but could be consid-
ered for future development of the CSO algorithm. Given the promising performance
of the constraint-handling mechanism used in MOO problems, a similar approach
could be investigated for unconstrained problems to further enhance the algorithm’s
robustness. Additionally, there are instances where the software exhibits delays dur-
ing execution. As the implementation is written in C++, performance optimization
through multithreaded programming could be a valuable enhancement, for example,
by assigning a separate thread to each group in the population.

Furthermore, alternative strategies for constraint handling could be explored. The

current method is quite strict, and while a very loose approach did not yield strong
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results, a balanced compromise between the two may lead to improved performance.
Such developments could enhance both the efficiency and adaptability of the algo-
rithm across a wider range of problem types.

In the context of MOO, the function ® is used to rank and rearrange individuals
within the population. According to the values of ®, individuals are assigned be-
havioral roles such as roosters, hens, and chicks, following the described hierarchical
model. However, this scalar metric ® may not be the most suitable choice, as it does
not take into account the relative positions of individuals on the Pareto front. Since ®
typically aggregates multiple objectives into a single value, it may obscure important
trade-offs and overlook the distribution of solutions. A more geometric approach, one
that incorporates inter-individual distances in the objective space, could offer a better
means of differentiation. For example, metrics based on crowding distance or spatial
proximity might help preserve diversity while enhancing convergence guidance.

Last but not least, it is worth noting that the CSO algorithm currently lacks a
Metamodel-Assisted feature, a technique that has proven beneficial in many modern
stochastic optimization algorithms by reducing computational cost and guiding the
search more efficiently. Integrating such a mechanism into CSO could be a valuable
direction for future research, potentially improving convergence speed and overall
performance, especially in high-dimensional or computationally expensive problems

such as CFD problems.
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Appendices

5.1 Appendix A: Input file

All input parameters are kept in one input file by the name, Data.txt which is located
within the same directory as the program. The file is read by the algorithm at the

time of its initialization. An example of expected format for Data.txt follows:

Number of roosters 4
Number of hens 25
Number of mothers 10
Number of chicks 46
G2
max_generations 50
0 10
0 10
15
06
15
0 10
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5.2 Appendix B: CSO - Evaluation Software Con-

nection

While the function for evaluating individuals is running, the algorithm generates
an ASCII file called task.dat. This file contains the values of the design variables
in one column and stores the corresponding data. The evaluation software is then
called to perform the calculations for each individual iteratively. Specifically, a loop
begins, iterating through each chicken separately. For each chicken, the task.dat file
is written, and the evaluation of the chicken is performed. The evaluation software
reads the task.dat file for that chicken and generates two more ASCII files: task.res,
which stores the calculated objectives of the chicken, and task.cns, which holds the
values of the constraints, if any exist. Afterward, control returns to the CSO, which
reads the task.res and task.cns files and stores their values. This process continues

until all chickens have been evaluated.
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