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ABSTRACT

This study presents a novel optimization algorithm EMEL: Exploration of Moving and Ever-
shrinking Layers. EMEL’s layer building strategy embodies a balance between exploration and
exploitation. The search space is partitioned into layers that are bounded by concentric rectangles
whose dimensions increase exponentially. Contrary to its popular counterparts, EMEL does not
produce candidate solutions influenced by others. Instead, the candidate solutions are produced
anywhere inside a randomly selected layer. The probability of selecting a layer in the close vicinity
of the best solution is higher than elsewhere. Therefore, most of the solutions exploit the inner layers,
where a few of them still explore the distal layers. To demonstrate its search abilities, EMEL was
tested on a total of 120 benchmarks which consist of sixty standard benchmarks, fourteen CEC 2005
benchmarks, twenty-nine CEC 2017 benchmarks, thirteen constrained benchmarks and four real-life
constrained engineering design problems. The benchmark set consisting various characteristics such
as shifted/rotated functions, hybrid functions, composition functions and also constrained problems
include equality and inequality constraints to be satisfied. Four algorithms; Grey Wolf Optimizer,
Artificial Bee Colony, Particle Swarm Optimization and Vortex Search Algorithm were included in
the experiments to carry out a comparative work. Rather than using fixed parameters, design
parameters of all algorithms were adjusted for each benchmark. The results were compared and
analysed by utilizing Mann Whitney U test. The results showed that EMEL is superior to its
counterparts by achieving high scores in the tests.
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Bu tez calismasinda popiilasyon temelli yeni bir optimizasyon algoritmasi tasarlanmis ve
sunulmustur. Algoritmanin adi EMEL: Exploration of Moving and Ever-shrinking Layers olarak
verilmistir. Algoritmanin ¢dziim liretme yaklagimi hareket halinde olan ve siirekli kiigiilen katmanlar
kullanarak arama yapmaya dayanmaktadir. Bu algoritmanin katman olusturma stratejisi kesif ve
sOmiirii agamalar1 arasinda dogal bir denge saglamaktadir. Arama uzayi iizerinde ayn1 merkeze sahip
i¢ i¢e katmanlar olusturulmaktadir. Merkezde o ana kadar bulunmus en iyi global optimum ¢6ziim
yer almaktadir. Bu katmanlar merkeze yakin noktalarda dar, merkezden uzaklastik¢a genigleyen bir
yapiya sahiptir. Onerilen algoritmada iyilestirilecek olan bir ¢dziim &ncelikle olusturulan
katmanlardan birini rastgele segmekte ve pozisyonunu sec¢tigi bu katman iginde rastgele bir konuma
giincellenmektedir. Katman sayisi merkez etrafinda fazla, merkezden uzaklastik¢a daha az oldugu
icin global optimum ¢6ziime daha yakin olan katmanlardan birinin seg¢ilmesinin ihtimali daha
yiiksektir. Boylece konumu giincellenen ¢oziimlerin bir¢ogu global optimuma yakin bolgelerde
sOmiirii etkinligi stirdiiriirken ¢6ziimlerin bir kismi1 global optimuma uzak bolgelerde kesif galismasi
siirdiirmektedir. Arama siirecinin baginda ama uzay1 kadar genis olabilen katmanlar siireg ilerledikge
daralmaktadir. Bu durum baslangigta daha genis alanlarda kesif yapmay1 desteklemekte ve ¢alisma
stiresinin sonlarma dogru somiirii etkinligi olan yerel en iyilestirme operasyonlarini tesvik
etmektedir. Onerilen algoritmanin yetkinligini kanitlamak igin 120 test fonksiyonu iizerinde deneyler
yapilmistir. Bu fonksiyonlarin 60 tanesi standart optimizasyon problemleri, 29 tanesi CEC 2017
fonksiyonlari, 14 tanesi CEC 2005 fonksiyonlari, 13 tanesi kisitli optimizasyon problemi ve 4 tanesi
kisith mithendislik tasarim problemidir. Karsilastirmali bir ¢aligma yliriitmek i¢in ayni deneyler Grey
Wolf Optimizer, Particle Swarm Optimization, Artifical Bee Colony ve Vortex Search Optimization
algoritmalart ile tekrarlanmis ve elde edilen sonuglar istatistiksel yontemlerle karsilagtirilmigtir. Elde
edilen sonuglarin karsilastiriimasinda Mann Whitney U testi kullanilmis ve EMEL algoritmasinin
anilan rakiplerden daha basarili sonuglar elde ettigini goriilmiistiir.

Anahtar Kelimeler: Optimizasyon algoritmasi, meta-sezgisel, popiilasyon temelli, EMEL
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GENISLETILMIS OZET

Optimizasyon, belirli bir amaca uygun olan en iyi ¢O0ziimi bulma siireci olarak
tamimlanabilir. Ornegin bir matematik denkleminin alabilecegi en kiigiik degerin arastirilmasi bir
optimizasyon problemidir. Burada denklemin alabilecegi biitiin girdilerin olusturacag: ¢iktilardan
meydana gelen ¢oziimler optimizasyon probleminin arama uzayim ifade eder. Arama islemi en
iyilestirme amaci gozetilerek bu uzay iizerinde gerceklestirilir. Ger¢ek hayatta da karsimiza
cikabilecek problemler bilgisayarda temsil edilebilecek sekilde modellenerek bir optimizasyon
problemi olusturulabilir. Ele alinacak problem basitge bir girdi ve bir ¢iktindan olusabilecegi gibi
problemin ¢dziimii sirasinda uyulmasi gereken bazi ek kisithliklar olabilir. Ornegin denklem
girdisinin degerlerini alabilecegi sayisal bir aralik tanimlanmasi bir kisithiliktir. Arama uzayinda
problemin ¢dziimiinde ihtiyag duyulan biitiin kisitlamalar1 saglayan ¢oziimler makul ¢6ziim olarak
isimlendirilir. Elde edilen makul ¢6ziimlerin optimizasyon anlaminda genellikle olabilecek en kiigiik
veya en biiyiik degerde olmasi istenir. Bir sistemin verimini en yiiksek seviyeye ¢ikarmak veya bir
stirecin maliyetini en aza indirmek gibi amaglar bu konuya verilebilecek optimizasyon problemi
ornekleridir.

Gergek hayat uygulamalarinda kaynaklar, zaman ve para gibi girdiler her zaman sinirh
oldugundan miihendislik, ekonomi, lojistik gibi giinliik hayat uygulamalarinin kendi gereksinimleri
dogrultusunda optimize edilmesi gereken problemleri bulunmaktadir. Ornegin bir bilgisayarda
yiiriitiilen islemler sirasinda bilgisayarin biitiin islemleri aksamadan gerceklestirmesine olanak
saglayacak en uygun bellek ve iglemci tahsisi bilgisayar bilimleri agisindan her zaman {izerinde
calisilan bir problemdir. Gezgin satic1 problemi lojistik alaninda en az maliyetli ve en kisa yolun
arastirtlmasini konu alan bir diger 6nemli problemdir. Sinirl1 bir alanda kurulan bir tesisin verimligini
en yiiksek seviyeye ¢ikarmak icin makine ve techizatlar1 uygun sekilde alana yerlestirmek veya
depolanmasi gereken farkli dlglideki malzemelerin sinirli bir alan igindeki en uygun yerlesimini
aragtirmak da bir optimizasyon problemidir. Bir ingaat sahasina yerlestirilecek kule vingleri sahada
yer almasi1 gereken diger elemanlar1 da gozeterek en az tehlike olusturacak sekilde konumlandirmak
giivenlik gibi 6nemli bir 6l¢iitii 6nceleyen farkl bir aragtirma alanidir. Bu gibi 6rnekleri birgok farkli
giinliik hayat uygulamasini ele alarak ¢ogaltmak miimkiindiir.

Giinliik hayatta her zaman optimize edilmesi arzulanan problemlerin yer almasi sebebiyle
bunlar1 optimize edecek yontemler gelistirmekle ilgili ¢alismalarin tarihi ¢ok eski zamanlara
dayanmaktadir. Matematikten ilham alan optimizasyon algoritmalarinin ilk 6rnekleri tiirev ve
diferansiyel tabanli hesaplamalar gergeklestiren deterministik yaklagimlardir. Bu alanda en bilinen
yontemlerden birisi 19. ylizyilin ortalarinda sunulmus olan gradyan inis algoritmasidir. Dogrusal
programlama ve dogrusal olmayan programlama algoritmalar1 da 20. yilizyilin ortalarinda ¢alisilmis
olup deterministik yontemlere verilebilecek diger 6rnekleridir. Deterministik yontemler sabit adimlar

takip ederek en iyi ¢ozlimii tespit etmeye yonelik caligirlar.
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Sezgisel yontemler ise deterministik algoritmalardan farkli olarak en iyi ¢6ziimii degil fakat
makul sayilabilecek kadar iyi bir ¢oziimii daha hizli siirelerde bulmay1 amaclar. Bu yontemlerden
baslica olanlar1 1950 ve 1960'l1 yillarda ¢alisilmis olan en yakin komsu algoritmasi, tepe tirmanma
algoritmasi ve acgozlii yaklasim algoritmasidir. Sezgisel yontemler genellikle belirli bir problem seti
icin dizayn edilen, probleme bagimli algoritmalardir. Buradaki amag hizli bir sekilde kabul edilebilir
bir ¢oziim iiretmektir. Uretilen ¢dziimiin optimum ¢dziim olmayabilecegi, hatta bu ¢dziimden uzak
olabilecegi goze alimir. Genellikle ¢6ziim uzay1 orta 6lgekli olan problemler {lizerine uygulanmasi
tercih edilir

Gilinlimiize dogru yaklastik¢a bilgisayar giiciiniin artmasiyla birlikte farkli disiplinlerden ve
doga fenomenlerinden ilham alan meta-sezgisel algoritmalar sergilenmeye baslanmistir. Genetik
algoritma 1975'lerde gelistirilen, ilhamin dogal secilim siireclerinden alan ve giincel optimizasyon
calismalarinin temel taglarindan biri olarak kabul edilen bir algoritmadir. Bunu takip eden
zamanlarda 1990'larda gelistirilen benzetilmis tavlama algoritmasi, karinca kolonisi algoritmasi,
diferansiyel gelisim algoritmasi, pargacik siirli optimizasyonu algoritmasi gibi ornekler bu alana
onciiliik eden en biiyiik yeniliklerden bazilaridir.

Meta-sezgisel algoritmalarin yaygin hale gelmeye baglamasindaki sebeplerden 6nde geleni
bu algoritmalarin problemden bagimsiz olmasidir. Bilgisayarda ifade edilebilecek sekilde
modellenen her problemin ¢o6ziimiinde bu algoritmalar1 kullanmak miimkiindiir. Ayrica bu
algoritmalarin tasarimi oldukca sadece ve anlasilirdir. Bu algoritmalar ilhamin1 dogada bulunan
fiziksel fenomenler, hayvan siiriilerinin davranmislari, evrimsel siirecler gibi ¢ok bilindik
konseptlerden alir. Tasarlanan algoritmalarin sade olmasi, farkli g¢aligmalarin performans
yiikseltmeyi saglayacak 6zelliklerini kullanarak algoritmada gelistirme yapilmasini kolaylastirir.

Uzerinde islem yaptig1 ¢6ziim sayis1 bakimindan meta-sezgisel algoritmalar iki ana sinifa
ayrilabilir. Bunlar tek ¢6ziim temelli ve popiilasyon temelli yaklagimlaridir. Benzetilmis tavlama
algoritmasi tek ¢oziim temelli algoritmalarin bir 6rnegidir. Bu yaklasimda optimum degeri arama
stireci tek bir rastgele ¢oziim Ureterek baslar ve belirli bir sonlandirma kriteri saglanana kadar bu
¢0Oziim iyilestirilerek devam eder. Popiilasyon temelli yaklasimlarda ise aramaya birden fazla sayida
rastgele ¢ozim treterek baglanir. Bu ¢oOziimler ilerleyen c¢evrimler boyunca birbirinden ve
¢evresinden etkilenerek gelismeye devam eder ve nihayetinde problemi ¢dzecek optimum degerin
elde edilmesi amaglanir.

Popiilasyon temelli aramalar gergeklestiren algoritmalarda iiretilen ¢6ziimler birbirine yol
gosterdigi i¢in ¢6zim uzaymdaki yerel optimumlardan kaginma kabiliyetleri vardir. Arama uzayinin
yeterince detayli aranmasi optimum ¢dziimii bulmaya giden yolda énemli bir 6l¢iittiir. Meta-sezgisel
algoritmalarinin popiilasyon temelli yaklagim tercihleri cok genis arama uzayina sahip problemler
icin uygun bir altyapr saglamaktadir. Bu tiir algoritmalarin genis arama uzaylarinda elverisli
olmasinin bir diger nedeni de stokastik bir yapiya sahip olmasidir. Problem igin iiretilen ¢éziimleri

temsil eden agilis popiilasyonu arama uzay1 lizerinde rastgele olarak olusturulur. Arama isleminin
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sonraki asamalarinda bu acilis popiilasyonunda yer alan c¢oziimleri iyilestirerek en iyi sonuca
ulasilmas1 amaglanir. Rasgele iiretilen ¢oziimlerden faydalanmak, bu algoritmalarin optimum noktasi
bilinmeyen gercek hayat problemlerine uygun olmasi i¢in gegerli olan sebeplerden bir digeridir.

Popiilasyon temelli meta-sezgisel algoritmalarin 6nemli alt dallarindan birisi siirii zekasidir.
Siirii zekasi kavrami dogada bulunan canlilarin cesitli amaglar dogrultusunda sergiledikleri siirii
davraniglarini ifade eder. Bu davranislar cogunlukla besin arama, avlanma gibi en temel hayatta
kalma ihtiyacina hizmet eder. Karinca kolonisi algoritmasi bu konuda en bilinen algoritmalarin
basinda gelir. Karincalarin besin arama davranislarint modelleyen bu algoritma siirii zekas1 alaninda
ortaya konulacak onlarca farkli yaklagima onciiliik etmistir. Benzer bagka bir ¢alismada da kus ve
balik siiriilerinin besin arama davranislarindan ilham alan pargacik siirii optimizasyonu algoritmasi
sunulmustur. Takip eden senelerde yine farkli bir besin arama davranigimi modelleyen popiiler
algoritmalardan bir digeri ise yapay ar1 kolonisi algoritmasidir.

Bahsedilen biitiin meta-sezgisel algoritmalarin arasinda bulunan tasarim farklarina
bakilmaksizin hepsinde bulunan ortak iki davranig vardir. Bu iki davranis arama siirecinin iki evresi
olan kesif ve somiirii siirecleridir. Kesif asamasinda tiretilen ¢oziimlerin uzay iizerinde olabildigince
etrafa dagilmasi ve problemin gereksinimlerini karsilamaya yatkin en verimli ¢éziim boélgelerini
bulmasi amagclanir. Bir algoritmanin kesif asamasini destekleyecek giiclii stokastik operatorlere sahip
olmasi bir sonraki asamaya gecildiginde gergek en iyi ¢oziimlerin bulunmasina onciiliik edecektir.
Somiirii asamasi ise kesif agsamasinda tespit edilen verimli ve sinirlar1 daha kiiglik bolgeler lizerinde
yerel arama ve en iyilestirme yeteneklerini ifade eder. Kesif agsamasinda tespit edilen verimli ¢6ziim
bolgeleri yalnizca bir kilavuz goérevi gorecek olup algoritmanin ¢aligmasi sona erdiginde optimum
¢Ozlimii sunacak olan faktor somiirii asamasidir.

Algoritmanin c¢aligsma siiresi i¢inde kesif ve somiirii agamalarint en iyi ¢6ziimii bulacak
sekilde dengelemek meta-sezgisel algoritmalar icin yillar boyunca zorlu bir gorev olmus ve
aragtirmacilarin ilgisini cezbetmistir. Kesif asamasinda zay1f etkinlik gosteren algoritmalarin yerel
optimum c¢oziimlerin etrafinda sikisarak global optimumu barindiran boélgelere ulasamamasi
miimkiindiir. Bunun tersi olarak gii¢lii kesif yetenekleri olan algoritmalarin yeterince bagarili somiirii
operatdrleri yoksa global optimumu barindiran bolgeler basarili bir sekilde tespit edilse bile global
optimum ¢dziim elde edilmeyebilir.

Kesif ve somiirii asamalar1 arasindaki dengenin nasil saglanacagi disinda meta-sezgisel
yontemlerin verimliligini ylikseltecek yaklasimlar: arastiran ¢aligsmalar da literatiirde yer almaktadir.
Arama operatdrlerinin davranislarinin ¢esitlendirilmesi, iiretilen eski ¢dziimlerden aramanin farkli
evrelerinde yeniden faydalanilmasi gibi metotlar algoritmalarin ¢dziim kalitesini arttirmay1
amaglamaktadir. Biitiin bu cabaya ragmen bir algoritmanin her tiirlii problem iizerinde bagarili olmasi
miimkiin degildir. Bir algoritma iizerinde yapilan biitiin gelistirmeler arastirmanin dogas1 geregi

sinirl sayida problem iizerinde test edilebilmektedir ve bu da heniiz test edilmemis olan problemlerde



basarisiz olma ihtimali her zaman miimkiin kilmaktadir. Bu durumu agiklayan No Free Lunch teorimi
bu alandaki calismalarin stirmesindeki baslica dayanak noktasidir.

Bu dayanak cergevesinde hazirlanan bu tez calismasinin amaci dogadan ilham alan
optimizasyon algoritmalarimin kesif mekanizmalarini incelemek ve bu konuda gelisim saglayacak
teknikler sunmaktir. Yapilan ¢aligmalar neticesinde popiilasyon temelli yeni bir optimizasyon
algoritmasi tasarlanmig ve sunulmustur. Algoritmanin adi EMEL: Exploration of Moving and Ever-
shrinking Layers olarak verilmistir. Algoritmanin ¢6ziim liretme yaklasimi hareket halinde olan ve
stirekli kiiglilen katmanlar kullanarak arama yapmaya dayanmaktadir. Bu algoritmanm katman
olusturma stratejisi kesif ve somiirli agamalar1 arasinda dogal bir denge saglamaktadir. Arama uzay1
tizerinde ayn1 merkeze sahip i¢ i¢e katmanlar olusturulmaktadir. Merkezde o ana kadar bulunmus en
iyi global optimum ¢6ziim yer almaktadir. Bu katmanlar merkeze yakin noktalarda dar, merkezden
uzaklastikga genisleyen bir yapiya sahiptir. Onerilen algoritmada iyilestirilecek olan bir ¢dziim
oncelikle olusturulan katmanlardan birini rastgele segcmekte ve pozisyonunu sectigi bu katman iginde
rastgele bir konuma giincellenmektedir. Katman sayisi merkez etrafinda fazla, merkezden
uzaklastik¢ca daha az oldugu igin global optimum ¢6ziime daha yakin olan katmanlardan birinin
secilmesinin ihtimali daha yiiksektir. Boylece konumu giincellenen ¢oziimlerin bir¢ogu global
optimuma yakin bolgelerde somiirii etkinligi siirdiiriicken ¢oziimlerin bir kismi global optimuma
uzak bolgelerde kesif ¢alismasi slirdirmektedir. Arama siirecinin basinda ama uzay1 kadar genis
olabilen katmanlar siireg ilerledik¢e daralmaktadir. Bu durum baslangigta daha genis alanlarda kesif
yapmay1 desteklemekte ve caligma siiresinin sonlarina dogru somiirii etkinligi olan yerel en
iyilestirme operasyonlarini tesvik etmektedir. Onerilen algoritmanin yetkinligini kanitlamak igin 120
test fonksiyonu iizerinde deneyler yapilmistir. Bu fonksiyonlarin 60 tanesi standart optimizasyon
problemleri, 29 tanesi CEC 2017 fonksiyonlari, 14 tanesi CEC 2005 fonksiyonlari, 13 tanesi kisitlt
optimizasyon problemi ve 4 tanesi kisitli miihendislik tasarim problemidir. Karsilagtirmali bir
calisma yiiritmek i¢in ayn1 deneyler Grey Wolf Optimizer, Particle Swarm Optimization, Artifical
Bee Colony ve Vortex Search Optimization algoritmalari ile tekrarlanmis ve elde edilen sonuglar
istatistiksel yontemlerle karsilastirilmistir. Elde edilen sonuglarin karsilastirilmasinda Mann Whitney
U testi kullanilmis ve EMEL algoritmasinin anilan rakiplerden daha basarili sonuglar elde ettigini

gorilmiistiir.
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1. INTRODUCTION

High dimensionality, multimodality, non-differentiability, and extensive solution spaces
complicate the identification of optimal solutions in optimization problems. Numerous algorithms
are claimed to be robust against the obstacles that could occur in optimization tasks. These algorithms
have drawn inspiration from several sources, including natural phenomena, organisms, and scientific
experiences (Boussaid et al., 2013; Mirjalili et al., 2014). Despite the diversity of inspired sources,
optimization algorithms can be categorized into fundamental groups, including heuristics and
metaheuristics (Dogan and Olmez, 2015). Heuristic algorithms tend to be customized designs for
specific problems, whereas metaheuristics are comprehensive strategies that guide approaches in the
pursuit of problem solutions. Unlike heuristics, metaheuristics are not reliant on specific problem
types and could be extensively studied across a wide variety of challenges.

Metaheuristic algorithms have recently gained popularity due to straightforward reasons.
The principal motivation is that the inspiration relies on fundamental concepts —such as the
behaviours of creatures in nature and physical phenomena— and metaheuristics can be readily
implemented. Furthermore, gradient computations are unnecessary, as the search is conducted
stochastically. Due to their straightforward structure and stochastic nature, metaheuristics can be
employed across a broad spectrum of real-world problems. Another significance is that these
algorithms could avoid local optima (Mirjalili et al., 2014; Mirjalili and Lewis, 2016).

Metaheuristic algorithms can also be classified according to the number of solutions in
processing batch. This can be single solution-based or population-based (Boussaid et al., 2013;
Dogan and Olmez, 2015). Single solution-based approach uses a single candidate solution to begin
the search process. This single candidate is enhanced throughout the iterations to attain an optimum
value. Population-based metaheuristics, on the other hand, use a set of solutions to perform the
optimization. In contrast to single solution-based approach, population-based metaheuristic starts
searching process with a random initial population. These candidate solutions are enhanced over the
course of iterations. It is assumed that population-based metaheuristics have some advantages
compared to single solution-based algorithms. The most important of all is exchanging information
among individuals. The population is initialized at random over the search space. Thus, the
individuals are able to know about whole space from each other. This causes the individuals to
displace toward the more promising regions of the search space. Also, better candidates provide
assistance to individuals suffering from stagnation on local optimum.

Regardless of search nature, a good optimization algorithm should satisfy two important
criteria; exploration and exploitation. Exploration is the process of searching the space for promising
solutions at random without any reference to stored information. Exploitation, on the other hand, is
refining the solutions by confining the search to a small area within the vicinity of a best candidate

solution ever found. Exploration is expected to be intensive at initial steps to find out fruitful regions



worth to effort local search. Exploitation is emphasized at latter stages in the hope of refining the
solutions by exhaustively exploring the promising regions. Balancing both exploration and
exploitation has been a challenging task for algorithms over the years.

Over the years many algorithms have been presented that are claimed to challenge the
obstructions and provide satisfactory solutions to optimization problems. Each algorithm has
contributed to the literature with its distinctive features. Despite dozens of algorithms exist in the
literature, a question has still seeming to exist: which algorithm is the best for optimization? Although
this question is difficult to answer, it can be said that: the one that fits best to the given problem. The
No Free Lunch (NFL) theorem (Wolpert and Macready, 1997) confirms this argument by proving
that there is no algorithm to solve all optimization problems. According to NFL, a metaheuristic
could be able to provide satisfying solutions for some problems while different problems could be
tough to be optimized by the same algorithm. Also, it should be emphasized that optimization
algorithms are not a solution to a problem, but a way of describing how to search for a solution. Thus,
the field of optimization has been open to improvements over the years and seems to be present, at
least in the near future. These reasons are our motives to propose a new population-based

metaheuristic algorithm.

1.1. The Aim of This Thesis

In this study, we propose a new population-based optimization algorithm that is called EMEL
which is the acronym for Exploration of Moving and Ever-shrinking Layers. EMEL applies a layer
building strategy by using a virtual space in order to provide a balance between exploration and
exploitation. This approach aims to ease the searching large solution spaces. Virtual space is an
artificial search domain which initially has the same range with the actual solution space. Following
a reasonable number of iterations, range of virtual space begins to be scaled down and this process
is explained in latter chapters. Initial population of solutions is achieved by randomly scattering the
instances on the search space. Best candidate solution, i.e. global best, is identified and the virtual
space is relocated to centralize the global best solution. The candidate solutions are created in the
vicinity of global best in a more relaxed fashion than EMEL’s counterparts. EMELSs Layer building
strategy leads to divide the virtual space into partitions where each of the partitions called as Layer.
For the search process, each individual selects an arbitrary Layer and updates its position to a random
place within this Layer. Displaced instances are obligated to relocate on a region where the actual
solution space and virtual space overlap. At early stages, preserving the range of virtual space same
as the original search domain provides an elaborative exploration. After a reasonable number of
iterations, range of virtual space progressively shrink as we obtain the information of where the

promising regions are located. EMEL focuses more on exploitation towards the end of iterations.



1.2. Our Contribution

The main contributions in this work are that EMEL provides a framework for developing
solutions that differs from classical approaches. The classical approaches such as Particle Swarm
Optimization (PSO) algorithm (Kennedy and Eberhart, 1995), Grey Wolf Optimizer (GWO)
(Mirjalili et al., 2014), and Artificial Bee Colony (ABC) algorithm (Karaboga and Basturk, 2007)
create candidate solutions that are heavily affected by other solutions; mostly the global best and
generally a few of other individuals. EMEL, on the other hand, produces the candidate solutions in
a very relaxed fashion; anywhere inside a randomly selected layer which is centralize the global best.
While the generation of random solutions allows for more relaxed exploration and exploitation,
EMEL maintains its position on the global best solution trajectory, which leads to better solutions.
Additionally, EMEL assures a continuous balance between exploration and exploitation. In layer
building strategy, the probability of selecting a layer in the close vicinity of the best solution is higher
than elsewhere. Therefore, most of the solutions exploit the inner layers, however, a few of them still
explore the distal layers. Hence, while generating better solutions is promoted, meanwhile search of

potentially fertile regions naturally continues.

To demonstrate its search abilities, EMEL was tested on a total of 120 benchmarks which
consist of sixty standard benchmarks, fourteen CEC 2005 benchmarks, twenty-nine CEC 2017
benchmarks, thirteen constrained benchmarks and four real-life constrained engineering design
problems. The benchmark set consisting various characteristics such as shifted/rotated functions,
hybrid functions, composition functions and also constrained problems include equality and
inequality constraints to be satisfied. Rather than using fixed parameters, design parameters of all
algorithms were adjusted for each benchmark to provide fair chances for all algorithms. The results
were compared and analysed by utilizing Mann Whitney U statistical test. The results showed that

EMEL is superior to its counterparts by achieving high scores in the tests.

1.3. Thesis Organisation

The remaining sections of this thesis work are organized as follows:

The second chapter provides a literature review and covers the significant studies in field of
optimization. Also, applications of optimization algorithms are sampled in this chapter.

Examination on search behaviours of the counterparts, the proposed optimization algorithm
EMEL, methodology of the conducted experiments and utilized benchmarks are described and given
in the third chapter of the thesis.

The results of the experiments, statistical analysis and discussions about the obtained results
are demonstrated in fourth chapter.

The last chapter concludes the conducted work, summarizes the results and extends future research
directions.






2. PRELIMINARY WORK

Optimization algorithms have been inspired by a wide range of sources through the past fifty
years. Nature inspired approaches appear to be the most prominent algorithms studied by researchers.
Though most of them derived from the behaviours of creatures in nature, evolution and physics are
also frequently serve as significant sources of inspiration. For instance, Simulated Annealing is a
prominent physics-based method, which mimics the annealing process in metallurgy (Kirkpatrick et
al., 1983). Other well-known algorithms include Genetic Algorithm (Holland, 1992) and Differential
Evolution (Storn, 1996) which are thought to be ancestors of modern evolution strategies. Swarm
intelligence, on the other hand, is might be the most attractive domain of optimization algorithms
owing to explicit opportunities on observation of the creatures. In nature, struggling on survival in
itself requires optimal effort and strategy from hunting to foraging and communicating. This effort
presents us an intelligent cooperation such as in foraging of bird or fish flocks in Particle Swarm
Optimization (PSO) (Kennedy and Eberhart, 1995), ant colonies in Ant Colony Optimization (Dorigo
and Di Caro, 1999), and bees in Artificial Bee Colony (ABC) (Karaboga and Basturk, 2007). Hunting
behaviours, on the other hand, are also founded on principals of swarm behaviour such as pumas in
Puma Optimizer (Abdollahzadeh et al., 2024), cats in Cat Hunting Optimization algorithm (Ghaedi
et al., 2023), owls in Owl Search Algorithm (Jain et al., 2018), and grey wolves in Grey Wolf
Optimizer (GWO) (Mirjalili et al., 2014).

While a wide variety of optimization methods have been introduced from the past to the
present, their application in real world is also very diverse. Construction site layout planning with
risk assessment approach (Oral et al., 2018), optimal scheduling of appliances in smart homes
(Jordehi, 2019), energy saving in workflows scheduling (Xie et al., 2023; Yin et al., 2020), designing
a wind power generator considering energy storage (R. Wang and Zhang, 2023), optimizing the
dispatch problems in terms of generation cost (Duan et al., 2023), automating switching phases of
all signalized intersections in an urban transportation network (Liu et al., 2024), approaches for
solving multi-objective problems (C. Wang et al., 2017) are some examples of the research topics
covered by optimization algorithms.

The literature on optimization is a vast and rich body of work. It is not possible to discuss all
of the algorithms that have been proposed in this field. However, the following subsections provides

a brief overview of some of the milestone and most recent nature inspired algorithms.

2.1. Counterpart Algorithms of the Proposed Comparative Study

This study presents a comparative work by including some milestone algorithms to the
experiment. A collection of algorithms were formed from state-of-the art and well-established
algorithms from the literature to carry out a comparative study for the proposed algorithm EMEL.

Grey Wolf Optimizer, Artificial Bee Colony, and Particle Swarm Optimization algorithms have been



included in the collection with this motive. Furthermore, Vortex Search Algorithm is added to the
set to represent the algorithms that use similar search strategy with EMEL. This section briefly
introduce these counterparts before detailing the current optimization approaches.

Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995) is a population-based
algorithm that is milestone in field of optimization. This algorithm is inspired by the social
behaviours of bird and fish flocks regarding foraging behaviour. Not all individuals possess
knowledge regarding the location of the food source. Nevertheless, they pursue the individual closest
to the food during the search. All individuals are moving across the search space based on their
proximity to the individual nearest to the food and their distance to the position they have previously
been closest to the food.

The Artificial Bee Colony (ABC) (Karaboga and Basturk, 2007) algorithm is another swarm-
inspired approach. This algorithm mimics the foraging behaviour of honey bees. The first half of the
swarm is referred to as employee bees. Employee bees randomly select a food source to visit in order
to generate new solutions. Subsequently, the second half of the swarm, known as onlooker bees,
arbitrarily selects a food source that was previously visited by an employee bee, taking into account
the quality of the food sources. This behaviour suggests that solutions with better fitness values are
more likely to be chosen by onlookers. In the ABC algorithm, if a food source fails to provide an
improved fitness value after a certain amount of trials, it is abandoned, and a random food source is
determined within the search space to use in subsequent iterations.

The Grey Wolf Optimizer (GWO) (Mirjalili et al., 2014) is a prominent population-based
meta-heuristic method. This algorithm is derived on the hunting behaviours of grey wolves. Grey
wolves inhabit packs and adhere to a strict hierarchy. The alpha wolf leads the pack with the
assistance of its subordinates, the beta and delta wolves. The algorithm's architecture simulates the
pack's encircling and hunting behaviour of the prey. Alpha, beta, and delta wolves indicate the global
best solution and the subsequent two best solutions. New solutions are derived by using these three
optimal solutions.

Vortex Search Algorithm (VSA) (Dogan and Olmez, 2015) is a single-solution based meta-
heuristic that is derived from whirling flow of the stirred fluids. This algorithm mimics the gradually
shrinking circles of the fluid vortex. Initially a large outer circle is located on the center of the search
space. Candidate solutions are randomly scattered around the initial center by using a Gaussian
distribution. Subsequent iterations are recursively based on evaluating the best solution, relocating

the center around it, reducing the circle by a step size, and regenerating new random solutions.

2.2. Literature Review on Optimization Algorithms
Fu et al. (2024) derived inspiration from survival skills of secretary birds to propose a
population-based metaheuristic algorithm: the Secretary Bird Optimization Algorithm (SBOA).

Secretary birds survive by persistently foraging for prey and avoiding predators. The survival skills



of secretary birds are applied to address practical optimization challenges. The exploration phase of
the algorithm mimics the capture of snakes by secretary birds, but the exploitation phase represents
their avoidance of predators. In this phase, secretary birds survey their environment and determine
the optimal path to a safe shelter. The two phases are repeated iteratively, considering the termination
criterion, to find the optimal solution to the optimization problem.

Ghiaskar et al. (2024) introduced the Polar Fox Optimization Algorithm (PFA), which is
derived from natural phenomena. This algorithm focuses on the herding and hunting methods of
polar foxes. The polar fox's jumping approach to hunting, which depends on sensitive hearing, is
mathematically modelled and applied to optimize processes in different search spaces.

Fang and Cao (2024) developed a novel metaheuristic algorithm, Leaf in Wind Optimization,
based on the natural phenomenon of falling leaves in the wind. The proposed method simulates the
motion response of leaves in various wind intensities by creating models for light and strong wind-
driven blades. The algorithm incorporates wind-induced motion modes of linear translation and spiral
rotation to provide a hybrid search framework that is suitable for both strategies. This method enables
exploration and exploitation of the search space.

Amiri et al. (2024) presented a new stochastic method called as Hippopotamus Optimization
(HO) algorithm. The HO draws inspiration from the natural behaviors of hippopotamuses, displaying
a novel approach to metaheuristic research. The HO is theoretically delineated by a three-phase
model encompassing mathematically modelled evasion methods, defensive measures against
predators, and positional adjustments in aquatic environments such as rivers or ponds.

W. Zhang et al. (2024) introduced a novel meta-heuristic optimization approach, Cleaner
Fish Optimization (CFO), inspired by the behavior of cleaner fish. The CFO models the movement
patterns of cleaner fish during "cleaning services," noting that females could experience sex change
to become males, and establishes two types of positional update. A two-generation cycle operation
method is proposed to enhance the optimization process.

Zareian et al. (2024) developed the Bitterling Fish Optimization (BFO) algorithm inspired
by the mating behavior of the bitterling fish. The bitterling fish represents a strong model in nature
for survival. The bitterling fish employs the oyster spawning method for offspring care. The female
bitterling seeks a male who exhibits superior strength compared to other males to select an
appropriate mate.

Benmamoun et al. (2024) proposed a new meta-heuristic method known as the Bobcat
Optimization Algorithm (BOA), which resembles the natural behavior of bobcats in their habitat.
The fundamental concept for BOA originates from the hunting skills employed by bobcats during
their pursuit of prey. The BOA theory is outlined and subsequently mathematically represented in
two phases: (i) exploration, which models the bobcat's positional alteration as it approaches the prey,

and (ii) exploitation, which models the bobcat's positional alteration as it pursues the prey.



H. Zhang et al. (2024) introduced a novel method for optimization utilizing radar technology:
the Wave Search Algorithm (WSA). The WSA algorithm utilizes radar technology for its novel
algorithmic design incorporating a new starting approach, boundary limitation rules, several
enhanced greedy mechanisms, and the gradient information of the optimization problem.

Jia et al. (2024) derived inspiration from common rural methods of fishing and introduced a
novel metaheuristic optimization algorithm based on human behavior: the Catch Fish Optimization
Algorithm (CFOA). This algorithm resembles the activities of rural fishermen in ponds, usually
categorized into two phases: exploration and exploitation. The exploration phase consists of two
stages: the individual capture stage, grounded in personal experience and intuition, and the group
capture stage, relying on human expertise with tools and collaborative work. During the exploration
phase, a shift is occurs from individual investigation to collaborative acquisition. In exploitation
phase all fishermen will encircle the shoal of fish and cooperate to extract the remaining fish,
employing a collective catch approach.

Hubalovska et al., (2024) presented the Botox Optimization Algorithm, a new metaheuristic
derived from the operational principles of botox. The algorithm is designed for addressing
optimization challenges through a human-focused methodology. The botox optimization algorithm
is developed and mathematically modeled by drawing inspiration from botox procedures, which

focus on identifying and treating imperfections to boost aesthetics.



3. MATERIAL AND METHOD

3.1. Search Behavior of the Counterparts

The motivation behind this study is the gap in the literature where traditional optimization
methods attempt to generate new solutions that depend on other individuals in the population,
especially the global best. PSO is one of the most powerful algorithms that can be considered as the
ancestor of this approach. In this method, when updating the current individual's position in the
search space, i.e. generating new solutions, the current individual moves on a composite vector
formed by influencing the global best, its own personal best and its current velocity (Kennedy and
Eberhart, 1995). The amount of velocity's contribution to the composite vector of displacement is
determined by a coefficient called inertia weight (Shi and Eberhart, 1998). The Equation 3.1 and

Equation 3.2 determine and the Figure 3.1 illustrates how PSO updates position of an individual. In
the given equations V is the current velocity, w is the inertia weight, X is the current position, PB is
the personal best, GB is the global best, C; and C, are learning factors which are usually assumed as

2, rand () is a random number between [0, 1] to provide randomization. Vnew and )?new are updated

velocity and updated position of the current individual, respectively.

Voew =w -V + C -rand() - (ﬁ—)_()) + C,-rand() - (GB — X) (3.1)
X)new = X) + ‘_/;’IQW (3.2)
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Figure 3.1. New solution generation strategy of PSO algorithm

In this approach, considering different values of rand () provides an area that individuals
could update their positions into. However, the displacement is still restricted and could not be
manage to land beyond that area. This behaviour prevents exploration of the possible better solutions
located around the close vicinity of that area. Most of the subsequent methods inherit this approach
in various ways. The aim of the present work is to overcome the limitation in displacement and

propose a more relaxed solution generation method.



3.2. The Proposed Algorithm: EMEL

This study presents a novel population-based algorithm using a moving and ever-shrinking
virtual search space. This approach intends to eliminate the obstructions resulting from searching
large solution spaces. For this purpose, a search space is artificially described apart from the actual
problem domain and it is named as virtual search space. Range of virtual search space is initially set
to range of actual problem domain. Therefore, both the virtual and actual search spaces fully overlap
at the initial stage. Initially, a population of random solutions are scattered on the actual search space.
At the beginning of each iteration, the best candidate solution that is called global best (GB) is
identified and the virtual search space is re-scaled and re-located to centralize the global best solution.
The new solutions are created on the regions where the actual and virtual search spaces overlap. Even
though, the creations of new solutions are random, they are encouraged to be located around the
global best through the layering mechanism of EMEL. Virtual search space is divided into partitions
and each partition is called as Layer. For the search process, each individual selects an arbitrary Layer
and updates its position to a random place within this Layer. The layers are bounded by concentric
rectangles whose dimensions increase exponentially. While distal layers are vast and sparse,
proximal layers are tiny and densely packed around the GB which is the best solution ever
encountered. The mentioned Layer building strategy will be elaborated in more detail in the
subsequent sections of this chapter. Figure 3.2 broadly explains relocation of the virtual search space
over the iterations. The pseudo-code of the proposed algorithm is given in Figure 3.3 and a flow-

chart of the algorithm is given in the Figure 3.4.
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(a): Initialization phase.
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Actual Search Space Actual Search Space
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Virtual SearchSpace |  |eememememem e m s
1

____________ : solution generation.
1

(d) (c)

Figure 3.2. Localization and scaling of Virtual Search Space over the iterations.
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1: Initialize the population x; where i = (1,2, ... ,n) and n is total number of individuals

2: Each individual of x = (x4, X5, ..., X4) and d is total number of dimensions

3
4..

5:
6:

9:

10:
IT:
12:
13:
14:
13:

16

17:

t=0
while (t < Maximum number of iterations)

Ensure that all the individuals are within the actual space

Find the global best position (GB) among the population

# 1 represents an individual, d represents a dimension
for i = 1: Number of Individuals

for d = 1: Number of Dimensions

Shift the d** dimension of virtual search space and make the GB centre of virtual search space

end-for
end-for
t=t+1
: end-while

GB is the best solution ever found

Scale the boundaries at d*" dimension of virtual search space by using Equations 3.3 and 3.4
Specify the Layers over the d'* dimension of virtual search space

Select a random Layer and update the position of i; to a random place within the selected Layer

actual search space to allow enough time to explore the space. As the promising regions are
discovered, the range of virtual search space is exponentially shrunk at latter stages to provide more
convergence and relaxed exploitation. We scale the width of the virtual search space using the

variable C(i). Equation 3.3 shows how to calculate C (i), and Equation 3.4 shows how to calculate

Figure 3.3. Pseudo-code of the proposed algorithm EMEL

Generate the
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I

Set the
Maximum Number
of Iterations
(Max_lter)

Set countert=0

Regenerate the
solutions over
the Layers

Specify the Layers
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Virtual Search Space

while
t < Max_lIter

i

Determine the
Global Best
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Scale and generate
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Virtual Search Space

\ 4
The Global Best

ever found is the
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Figure 3.4. Flow-chart of the proposed algorithm EMEL.

At early stages of the search, initial range of virtual search space is preserved to the range of

the virtual search space's boundary values.
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Ci) = e 207 (3.3)

YVB(i)=4B-C() +¢ (3.4)

In the given Equation 3.3 and Equation 3.4 i represents the iteration index, C (i) indicates the
boundary scaling factor at the i‘" iteration, e is the Euler’s number, o (sigma) and y (gamma) are
predetermined constants. In Equation 3.4, B indicates the boundary length, the superscripts V and A
represents the virtual and actual search spaces, respectively. In most situations, optimization
problems have d-dimensional solution space. Hence, the subscript d represents any of the
dimensions. As can be seen from B (i), the virtual space's boundary lengths are evaluated at each
iteration i. Note that, in order to obtain the total range of virtual search space, we need to calculate
both lower and upper boundaries of it. We will need the total range of virtual search space to specify
border limits of Layers and this will be explained later on this section. The ¢ is a predetermined very
small real number that prohibits % B (i) to be zero, and it is set to 1073 in this study.

Setting C (i) values close to or equal to 1 in the earlier iterations ensures that the virtual
search space width is the same as or extremely close to the actual search space width. Since the
virtual and actual search spaces have the same width, solutions can be generated throughout the
whole search surface for exploration in the early iterations. In order to enhance the generated
solutions at the late iterations, the progressively decreasing C(i) value contributes in shifting the
search tendency from exploration to exploitation.

In determining the gamma value, a thorough understanding of its impact on the C (i) values
is imperative. The evolution of the C (i) scaling factor over iterations for various gamma values is
depicted in Figure 3.5. Gamma plays a pivotal role in influencing the duration of the transition from
C (i) values near 1 to C(i) values near 0, indicating a shift from an exploration to an exploitation
tendency. With increasing gamma values, C values exhibit a sharp decrease. The utilization of an
exceedingly high gamma value, such as 80, results in a C (i) values graph resembling a step function,
thereby constraining the algorithm to solely exploration or exploitation. Our intended approach is to
avert a rapid transition from exploration to exploitation. The preferred strategy seeks to achieve a
balance by gradually increasing the exploitation tendency while decreasing the exploration tendency
over iterations. Upon scrutinizing the graphs in Figure 3.5, it becomes evident that the curve with a
gamma value of 5 best aligns with this condition. Consequently, we have chosen to employ and
recommend for a gamma value of 5 within the framework of Equation 3.3.

Moreover, Equation 3.3 is derived from the normal distribution function for the
determination of the C (i) value. The sigma value, representing the standard deviation and indicating
the spread of the normal distribution curve, is a critical factor influencing the behavior of C in

Equation 3.3. Sigma determines the number of iterations during which C remains close to or equal
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to 1, thereby influencing the duration of the exploration phase. The variation in the C scaling factor
over iterations for different sigma values, with gamma set to 5, is illustrated in Figure 3.6.
Specifically, Figure 3.6 (a) highlights that selecting a small sigma, such as 50, results in an abundance
of C values close to 0, while values close to 1 are scarce. Conversely, opting for a large sigma value,
such as 300, extends the exploration period but significantly reduces the time allocated for
exploitation. The preference for sigma as an adjustable parameter stems from the aim of attaining an
optimal curve spread that ensures sufficient durations for both exploration and exploitation, aligning
with the requirements of the problem. Therefore, the course-to-fine method was employed in this

study to explore the [50, 300] range and determine the optimal sigma value for each benchmark.
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Figure 3.5. C(i) curve for various Gamma values. Sigma value is set to 250 in given curves as an

example case.

o =50 o =100 o =150

Scaling Factor C(i)
Scaling Factor C(i)
Scaling Factor C(i)

gy

0 100 200 300 400 100 200 300 400 500 0 100 200 300 400 500
Iterations (i) Iterations (i) Iterations (i)
(@) (b) (c)
o =200 o =250 o =300

Scaling Factor C(i)
e B E B B =
Scaling Factor C(i)
' /
Scaling Factor C(i)
| /

o
gy
&

100 200 300 400 100 200 300 400 500 100 200 300 400 500
Iterations (i) Iterations (i) Iterations (i)

(d) (e) ®)

)

Figure 3.6. C(i) curve for various Sigma values. Gamma value is set to 5 in given curves.
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Having decided the scale of virtual search space, it should be centralized around the global
best solution. For this reason, all the candidate solutions are evaluated for goodness by using a fitness
function specific to the optimization problem at hand. The best solution is called global best (GB)
and the origin of virtual search space is shifted to the global best solution’s position. It is intended to
create new solutions around the global best in the quest of producing better individuals. However,
the global best could be a local optimum point and this intention may result with an early convergence
to a local optimum. Therefore, a mechanism should be devised which promotes to create solutions
tightly positioned around global best for exploitation, as well as allowing to create new individuals
within the valid regions of actual search space for exploration. This can be accomplished by defining
Layers that are smaller within the close neighbourhood of global best, and larger at the outer
boundary (See Figure 3.8).

Specification of the Layers is inspired by the logarithmic spiral. The distances between the
turnings of a logarithmic spiral increase in geometric progression (Darling, 2004). Distances of
Layers mimic this manner to subdivide the space. The logarithmic spiral is drawn over a domain by
using two dimensions, but optimization problems could have more than two dimensions. Hence, the
inspired manner is simplified so that can be easily applied on each single dimension of any problem.

Border limits of Layers are calculated by using Equation 3.5.

Rangeé pla—1

le(Ld) = 2 PN_1

(3.5)

In Equation 3.5 L, indicates the identification number of an arbitrarily selected Layer on d*"
dimension and Lim(L,) is the upper border limit of the selected Layer. Note that GB is always at the
origin of the virtual search space. Therefore, upper border limit of a Layer (L;) is measured starting
from the origin. Rangeé is the total range of d*" dimension of virtual search space at i*" iteration,
N is the total number of specified Layers and P is a coefficient. The N and P are predetermined
constant values. Distance of each Layer is found to be P times of the previous one, except the first

one (Figure 3.7).

0 1 2 3 4 5 6 7 8
T L3=1L2-P '
1 unit 2 units 4 units

Figure 3.7. Range calculation of Layers at a single dimension. Assume that P = 2. L: Layer.

As mentioned earlier in this section, an individual selects a random Layer and updates its
position to random place within the borders of the selected Layer. Remember that border limit of any
Layer is calculated starting from the origin where the GB is located. Displacement of individuals is

formulated as in Equation 3.6 in order to enable positions to be moved into both sides of GB.
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{if rand()q < 0.5 then, —Lim(Ly) < XJ°" < —Lim(Lg — 1)
if rand()gq = 0.5 then, Lim(Ly — 1) < X7 < Lim(Ly)

(3.6)

In Equation 3.6, just as in Equation 3.5, L; indicates the identification number of an
arbitrarily selected Layer on d*" dimension and Lim(Ly) is the upper border limit of the selected
Layer. X™®" indicates the updated position of an individual on d** dimension. It is obvious on Figure
3.8 that individuals will move over the area of selected Layer excluding the areas hold by previous
Layers. Furthermore, Figure 3.8 illustrates a sample of two dimensional search space where an
individual selects the arbitrary Layers as (3, 2) along the axis X; and X5, respectively. Therefore, this
individual, by using Equation 3.6, will be allowed to update its position to any random place in one

of the feasible areas for solution generations in Figure 3.8.

X, Actual Search Space

Vit Ssarcliopace €D : Current global best

I:': Generated layers

Layer3

Feasible areas for
solution generation.

Forbidden areas for
" solution generation.

GB x,

Layer 2} Layer 1:Layer 2

Layer 3

Layer 3 Layer 2 Layer 1 Layer 2 Layer 3 X1

GB x4

Figure 3.8. Carrying out random Layer selection for any individual to relocate its position into.
Example case: for an individual Layer #3 and #2 are selected for dimensions X; and X»,
respectively.

The Layer strategy is proposed aiming a relaxed and more randomized search in order to find
more feasible areas. As can be seen back in Figure 3.8 the Layers have smaller range around the
close vicinity of GB and gradually enlarge through outer boundaries of virtual search space. Since
more Layers are located around GB, the probability of individuals to displace around GB increases.
Figure 3.9 depicts a numerical example of specifying the Layers. In the given figure P = 1.5, total
number of Layers is set to 5 and total range of dimension X; is equals to 20. Considering the given
figure, it could be argued that the probability of an individual displacing into the first four out of five

Layers, i.e. 80% of the time, provides an opportunity to update position into the area that covers 62%
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of the search space around GB. Furthermore, the first three Layers construct a closer vicinity of GB
via covering 36% of search space by having a chance to be displaced into in three out of five Layers,

1.e. 60% of the time.

X2

Figure 3.9. A numerical example of specifying the Layers.

Figure 3.10 provides a closer examination on effects of Layers. In the given figure, total
range of dimension X; is set to 20 and the depicted Layer ranges are evaluated for one side of GB as
in Figure 3.9. For ease of illustration pie chart is preferred instead of axis. Abbreviations LI - L7
represent the Layers and the range of relevant Layer is given in brackets. Figure 3.10 (a) discusses
the effect of total number of Layers in comparison with Figure 3.9, which uses equal P value and
total range. According to the Figure 3.10 (a), 65% of the search space that located around GB holds
a chance of six out of seven Layers, i.e. 86% of the time, to host updated individuals. A more detailed
inspect figures out that 41% of the area holds a closer vicinity of GB with a chance of 71% to be
visited, i.e. five out of seven Layers.

Figure 3.10 (b), on the other hand, represent a comparison according to Figure 3.10 (a). In
Figure 3.10 (b) value of design parameter P is set to 2 and this led a denser area located around GB
consist of six out of seven Layers. According to Figure 3.10 (b), 50% of the search space is located
around GB and 86% of time the individuals could be displaced into these inner Layers. Furthermore,
in comparison with Figure 3.10 (a), Figure 3.10 (b) shows that 71% of individuals could update their
positions into closer area to the GB that covers 25% of the search space.

Considering the given examples, this study aims to establish balanced values of design
parameters. In this context, values of total number of Layers and the P are meant to be adjusted for
each separate benchmark in order to provide a proper exploration nature for proposed algorithm

EMEL.

16
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1%

mL1(031) mL1(0,078)
m12 (0,465) u12(0,156)
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(a) (b)

Figure 3.10. Various numerical examples of specifying the Layers.

3.3. Methodology of the Experiments

In order to validate a new algorithm, the researchers have used benchmarks that present
various challenges similar to real-world problems. Unlike some of the real-world problems, the
benchmarks whose optimum solutions are known provide an opportunity to test the outcomes of the
proposed algorithm and to compare the results with notable algorithms exist in the literature. In this
study total of 120 benchmarks are utilized for the experiments and descriptions of these benchmarks
are given in Section 3.5 of this thesis.

There are numerous nature inspired optimization algorithms that present various
performances for the benchmarks. A collection of algorithms were formed from state-of-the art and
well-established algorithms from the literature to carry out a comparative study for the proposed
algorithm EMEL. GWO, ABC, and PSO have been included in the collection with this motive.
Furthermore, VSA is added to the set to represent the algorithms that use similar search strategy.

The common control parameters of the algorithms consist of population size, number of
maximum iterations and iteration termination criteria. These parameters are set to the same values
for all algorithms to satisfy fair chances in the experiments. The population size has been set to thirty
and the number of maximum iterations has been set to five hundred as the only termination criterion.
Also, same seed values were used for random number generator of each separate run. Hence, the
same initial population was reserved for all algorithms at each run and also the experiments were
made repeatable.

Algorithms, also, have their own control parameters which also required to be set. The
control parameters of the algorithms are usually set as given in the articles that they have been
presented. It is mentioned that an algorithm is not able to provide satisfying solutions for all problems
according to the No Free Lunch theorem. Hence, as the number of benchmarks increases and their
characteristics diverse in experiments, it will get harder for an algorithm to achieve an overall success
by using the same values of control parameters. Besides, it should be considered that the benchmark

set may have fitting characteristics in favour of some algorithm(s) while being tough to other(s). The
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hard path have been chosen for this study that many of the previous researchers avoided because of
the extensive workload. The values of the control parameters have been adjusted separately for each
benchmark to provide fair chances to the algorithms in the experiments.

Coarse-to-fine parameter tuning method (Moshkelgosha et al., 2017) has been utilized for
tuning the control parameters of the algorithms in order to find the values providing the best
optimization results for each benchmark. In this method the domain range of a parameter is
discretized into a coarse grid of values. A search along these values provides an observation about
how the increment/decrement of a parameter value affect the performance of an algorithm. After the
initial search, the vicinity of the most promising value is discretized into another grid for a finer
search around it. A better fitting parameter value is obtained in the finer search, and the process
recursively continues.

Ten grids have been set for each parameter of algorithms. Assume that there are N control
parameters to be tuned. Since the domain ranges have been divided into ten grids including the
minimum and maximum values, there will be 11" candidate parameter set for an algorithm at each
level of the coarse-to-fine tuning. Furthermore, in order to eliminate the effect of randomness, the
algorithms were run multiple times with same number of runs using each candidate parameter set.
The parameter set providing the best median value out of performed multiple runs is selected as the
best one for related search level. A finer search is carried out by using these parameters, and the
process retains. The one, which is obtained after the last searching level, is assumed as the best
parameter set of the algorithm for related benchmark. The described exhaustive search process was
separately performed over all benchmarks for each algorithm.

Following the course-to-fine searching procedure, the resulting values of the algorithm
design parameters for all benchmarks are provided in Appendices A, B, C, D, and E. The remaining
experiments for statistical analysis are performed using these values of design parameters for the

relevant benchmarks.

3.4. Sensitivity Analysis of the Tuned Parameters
The number of tuned parameters varies for algorithms. Table 3.1 shows the tuned parameters
of the experimented algorithms and the search ranges for relevant parameter. Brief descriptions about

the tuned parameters are given below following the provided table.
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Table 3.1. Tuned parameters of experimented algorithms

Algorithms | Tuned parameters | Range of values Type of values
N [10, 150] Discrete
EMEL P [1.1, 3] Continuous
(] [50, 300] Continuous
L [10, 150] Discrete
ABC N [1, #of dimensions /2] Discrete
T [1,10] Continuous
w [0, 5] Continuous
PSO Cy [1, 5] Continuous
C, [1, 5] Continuous
a [1, 5] Continuous
GWO c [1, 5] Continuous
VSA x [10e-3, 1-10e-3] Continuous

According to Table 3.1 the given parameters N and P of EMEL algorithm are utilized in
Equation 3.5 of this thesis. The parameters N and P indicate the number of specified Layers and the
value of coefficient influencing the range of Layers, respectively. The ¢ value is given in Equation
3.3 and influences the time when the scaling factor begins to be effective, i.e. the time when the
algorithm starts to shift from exploration through exploitation.

Karaboga and Basturk (2007) configures the ABC algorithm to explore the vicinity of a food
source at least 'limit' trials before abandoning it if it could not be improved. The limit' value is set to
100 by default in ABC. In this study, the number of trials is denoted as L. Furthermore, ABC
algorithm allows the solution to be contributed by neighbours to be improved. This contribution
affects only one dimension of a solution by default. In this study, different number of dimensions
allowed to be contributed and number of allowed dimensions is indicated by N. The number of
modified dimensions, N, is allowed to be up the half of the dimensions of related benchmark. The
amount of contribution to a dimension, on the other hand, is influenced by ¢ as described in Equation
2.2 of Karaboga and Basturk (2007). The default ABC generates random values of ¢ between [-1,
1]. In this study, ¢ is meant to be a random number between [-7/2, T/2].

PSO, on the other hand, is influenced by a solution's own personal best value found over
iterations as well as the global best value of the search space ever found. Contribution of personal
best and global best values are controlled by the C; and C, and both values are originally set to 2 by
Kennedy and Eberhart (1995). Inertia weight, w, aims a balanced search between exploration and
exploitation by utilizing current position of a solution. The initial introduction of inertia weigh was

by Shi and Eberhart (1998) and initial value range is suggested between [0.9, 1.2].

The design parameters of GWO are consist of @ and C. The parameter d is initially set to 2

and is controls exploitation by decreasing from its initial value to O over the course of iterations.

Exploration is favoured by C and its default value is also 2. C preserves its value during iterations

and meant to contain random values between [0, 2].
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The x value of VSA is used in Equation 11 of Dogan and Olmez (2015) and influences the
step sizes over the iterations while reducing the range of the search space. The initial value of x
originally is set to 0.1.

Effects of adjusting the value of design parameters are separately analysed by utilizing
Friedman test. The Friedman test is a nonparametric test used for paired data samples to compare the
results produced by different methods (Gengal and Oral, 2022). The null hypothesis H, for this test
states that "there is no difference between the compared selection methods", while the alternative
hypothesis H; suggests that "there is difference between compared selection methods". The
significance of the test is determined by p values. If the calculated p value is smaller than the
specified level of significance, which is « = 0.05, it is concluded that there is statistically significant
difference between the compared data groups.

To test the effect of a parameter, a grid of values is formed in the search range of the relevant
parameter from back in Table 3.1. The values of remaining design parameters of the relevant
algorithm are kept constant and the algorithm was run twenty-five times for tested parameter with
each of the values taken from the previously formed grid. Each of these twenty-five run's results is
considered as one data group. All data groups of tested parameter are compared using Friedman test
aiming to produce a p value smaller than the level of significance @ = 0.05. Thus, it could be
concluded that data groups consisting of results generated by different values of the tested parameter
are significantly differs from each other. This experiments are repeated for each tested parameter
separately over total of 120 benchmarks. Table 3.2 reports the total number of benchmarks out of
120, where the tested parameter managed to produce p value indicating the significant difference
between varying values of it. According to given table it is clear that it is worth searching for an

adjusted value of these design parameters.

Table 3.2. Results of Friedman test applied on data groups obtained by different values of tested
design parameter

Algorithms Separately analysed parameters Number of p values less than 0.05 out of 120

benchmarks
N 104
EMEL P 89
c 117
L 110
ABC N 23
T 114
) 119
PSO Cy 118
C, 118
a 113
GWO ¢ 04
VSA X 119
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3.5. Benchmark Set of the Experiments

The proposed algorithm EMEL was tested on a large benchmark set consisting of 120
benchmarks that have various characteristics such as shifted/rotated, hybrid, composition,
constrained functions and also real-world engineering design problems. This set includes sixty
standard global optimization functions including both unimodal and multimodal structures which are
experimented in many works in literature (Jamil and Yang, 2013; Karaboga and Akay, 2009).
Fourteen of shifted/rotated, hybrid and composition functions are taken from CEC 2005 benchmarks
(Suganthan et al., 2005) and twenty-nine of them are taken from CEC 2017 benchmarks (Awad et
al., 2016). Additionally, in order to present constraint handling abilities of the algorithms thirteen
constrained optimization functions (Karaboga and Akay, 2011) and four constrained real-world
engineering design problems are included in the benchmark set.

The benchmark set includes functions that have varying characteristics in purpose of
measuring the exploration skills of an algorithm in searching the global optimum. This section
summarizes the basic characteristics of the benchmarks in order to consider during the evaluation of
the experimental results. A multimodal function is a function that involves more than one local
optimum. A local optimum is a best solution in a narrow vicinity of itself but not globally satisfies
the problem. An efficient algorithm is expected to avoid stagnation on local optimums by its
exploration abilities. Beside multimodality, shifting and rotating the global optimum from the origin
increase the complexity of the search space and forces any algorithms' explorations skills.
Furthermore, hybrid and composition benchmarks challenge the exploration abilities by combining
multiple basic functions with different properties to generate various search spaces involving many
local optimums.

Constrained problems, on the other hand, involve many equality and/or inequality
constraints. In this study the commonly used thirteen constrained benchmarks (Karaboga and Akay,
2011) and four of constrained problems which are welded beam (Cagnina et al., 2008; Ragsdell and
Phillips, 1976), speed reducer (Cagnina et al., 2008; Golinski, 1970), piston lever (Gandomi et al.,
2013), and I-beam (Gandomi et al., 2013; Gold and Krishnamurty, 1997) design problems have been
experimented. Detailed description about the engineering design problems is provided in the
Appendices F, G, H, and I, respectively. The constrained problems are optimized considering the
feasibility in terms of constraints while enhancing the fitness of the solutions. A feasible solution is
an individual that is not violating the borders specified by constraints. Constrained handling is a
challenging task and many constrained handling methods are presented in literature (Coello Coello,
2002; Deb, 2012). Penalty method is one of the easily implemented methods. This method transforms
the constrained problem into unconstrained by adding a penalty term to the fitness value according
to amount of constraint violations (Arora, 2015; Deb, 2012).

The penalty method have been utilized due to constraint handling. The penalty method

handles constraints by adding a penalty term to the fitness value. The amount of penalization is
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calculated considering the violation level of the constraints. A basic formulation is given in Equation
3.7 (Arora, 2015). In this formulation f (x) refers to the standard objective function of the benchmark
and F (x) is the penalized objective function. The terms h and g represent the equality and inequality
constraints, respectively. The term R is a large number which is used to penalize the fitness value in

case of violations (Deb, 2012).
F(x) = f(x) + R-X7, hF (x) + R - XTL1(g:(x))? (3.7)

The term R can be used as a constant large number like 102° (Deb, 2012), however, it would
be better to begin with a small value and increasing later (Arora, 2015). Thus, we multiplied the
constant 102° by another M (t) value in order to calculate the term R which is individually used in
each iteration. The multiplier term M (t) and R are calculated as in Equation 3.8 and Equation 3.9,
respectively. The term t represents the number of current iteration and MaxlIter is the total number
of iterations. The term M(t) eases the exploration at initial steps by providing a smooth penalty

amount. At later iterations, on the other hand, the exploitation gets tighter as the term M (t) increases.

a

M@®) = MaxIter (3.8)
R = M(t)-10%° (3.9)
3.6. Mann Whitney U Test

Mann Whitney U is one of the statistical analysis methods recently popular in evaluating the
results in the field of optimization. Mann Whitney U is a nonparametric statistical test which is
implemented on independent small size groups. It is used to test whether the samples are derived
from distributions with equal medians or not (Heiberger and Holland, 2015; Heumann et al., 2016).

In this study, all algorithms are executed within same number of runs on each benchmark,
utilizing parameter settings optimized through a course-to-fine parameter search. Number of function
evaluations were same in all experiments due to using same number of search agents and maximum
number of iterations with no other termination criteria for all algorithms. The outcomes of each
optimization run were carefully documented, resulting in a comprehensive dataset. This dataset is
facilitated pairwise comparisons of algorithms for each benchmark.

Pairwise comparisons of the competing algorithms were made using the data, i.e. the results
of multiple runs of these algorithms, for each benchmark handled individually. The Mann Whitney
U test was employed to assess whether there existed a statistically significant difference between the
medians of two independent data groups. In cases where a statistically significant difference was

observed between algorithm pairs for a given benchmark, the algorithm with the smaller median was
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deemed more successful for that specific benchmark. Conversely, if no statistically significant
difference was found between algorithm pairs, the performance of the compared algorithms was
denoted as "no difference" for that benchmark. Executing these procedures for all available
benchmarks resulted in a score table illustrating the number of benchmarks for which each algorithm
demonstrated superior performance overall, along with the number of benchmarks where no

statistically significant difference was observed.
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4. RESULTS AND DISCUSSIONS

Meta-heuristic algorithms run based on randomness; creation of initial solutions and
modifications on solutions are made randomly. For this reason, an algorithm is run multiple times on
the same problem to provide that the obtained success is not by chance. The statistical values such
as best, mean, standard deviation, median etc., are calculated from this batch of results. Some or all
of these values are presented as performance measures of the algorithms for a related problem. Some
studies highlight the results that outperform the others for each benchmark. In such comparisons
there might be slight difference between the results. Hence, using a single result value to consider
one algorithm is superior to other is a controversial issue. In recent years, beyond showing the
existence of difference between results, the studies focus on determining how significant the
difference is. In this context, the statistical analysis has become more popular and important in the
field of optimization (Mattos et al., 2021). For this reason, this study utilizes Mann Whitney U test
in order to analyse and present the obtained results.

Tables 4.1, 4.2, 4.3, 4.4 and 4.5 present distinct score tables derived from pairwise
comparisons among all algorithms for standard benchmarks, CEC 2005 benchmarks, CEC 2017
benchmarks, constrained benchmarks and the real-world design problems, respectively. While
arranging a table, an algorithm from a row is taken as reference and another one from column is
taken as opponent (Opp.) to compare the obtained scores according to the Mann Whitney U test. The
given numbers under the column of Opponent Algorithm are the number of benchmarks that shows
the pairwise performance comparison of the algorithms. The number aligned to the name of the
reference algorithm refers to the number of benchmarks which reference algorithm achieves
significantly better results compared to opponent algorithm, and the number aligned to the
abbreviation of Opp. is vice versa. The number aligned to the No Difference presents the number of

benchmarks in which there is no significant difference between two algorithms.

4.1. Results Based on Standard Benchmarks

Compared algorithms used the design parameters that given in Appendix A in experiments
of sixty standard benchmarks. Values of common control parameters for all algorithms were set same
in order to provide fair chances in the experiments. The population size were set to thirty and the
number of maximum iterations were set to five hundred without other termination criterion. All
algorithms were run twenty-five times on each benchmark to construct the dataset. Also, same seed
values of random number generator of each separate run reserved the same initial population for all

algorithms at each run.
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Table 4.1. Mann Whitney U test comparison results based on standard benchmarks

60 STANDARD BENCHMARKS
Opponent Algorithm
GWO ABC PSO VSA

- EMEL is better 33 35 21 29

E No Difference 9 17 23 22

g = | Opp. is better 18 8 16 9
= o |GWO is better 20 20 24
§D = No Difference 7 12 9
= © Opp. is better 33 28 27
é O ABC is better 13 22
o a No Difference 19 17
% Opp. is better 28 21
~ o |PSOis better 27
E No Difference 19

Opp. is better 14

Table 4.1 shows the pairwise comparison results of algorithms over sixty standard global
optimization functions. The results clearly states that EMEL significantly outperforms its opponents.
EMEL manages being superior to its competitors despite the existence of competitive results. VSA,
the one with the most similar search strategy, have been competed on substantial number of
functions. However, the number of functions that EMEL outperforms make this competition
negligible.

ABC is one of the most tough optimization algorithms in literature. Even so, the optimization
power of ABC could not achieve a satisfactory competition. EMEL is significantly better at more
than half of the functions, while ABC achieves success only at eight functions.

GWO is the opponent which the most statistically significant difference appears between
algorithms. The number of functions that marked as no difference is considerably less than the other
algorithms. Although GWO outperforms EMEL in many functions, EMEL has better optimized
almost twice as many functions than GWO.

PSO is one of the milestones in field of optimization and it has been the most challenging
opponent in experiments of this benchmark set. The results have the highest amount of no difference
for PSO. The scores of EMEL and PSO are close, however, the difference between them is in favour

of EMEL.

4.2. Results Based on CEC 2005 Benchmarks

The design parameters of the compared algorithms were used as in Appendix B in
experiments of fourteen benchmarks that taken from CEC 2005. Common control parameters were
given the same values to provide fair chances in the experiments. The population size were set to
thirty and the number of maximum iterations were set to five hundred without other termination

criterion. All algorithms were run twenty-five times on each benchmark to construct the dataset.
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Also, same seed values of random number generator of each separate run reserved the same initial

population for all algorithms at each run.

Table 4.2. Mann Whitney U test comparison results based on CEC 2005 benchmarks
14 BENCHMARKS OF CEC 2005
Opponent Algorithm

GWO [ABC|PSO | VSA
EMEL is better | 9 10
No Difference 3
Opp. is better 2
GWO is better
No Difference
Opp. is better
ABC is better
No Difference
Opp. is better
PSO is better
No Difference
Opp. is better

AN N|— W

N Oy oo w D

Reference Algorithm

PSO ABC | GWO | EMEL
9 A Wl Aoy A B[~ 1~ 0

Table 4.2 shows the pairwise comparison results of algorithms over fourteen benchmarks of
the CEC 2005. Comparing with results of the sixty standard benchmarks, superiority of EMEL is
more obvious in context of pairwise comparisons of CEC 2005 benchmarks. The first thing that
stands out is that EMEL is superior on at least nine out of fourteen benchmarks against each
opponent. There are only a few competitive results but EMEL still manages being superior to its
competitors. Contrary to standard benchmarks, the competition between EMEL and VSA is almost
disappeared for CEC 2005 benchmarks. Even though VSA is merely successful, the superiority of
EMEL is clear with no doubt. ABC, on the other hand, lost its competing abilities against EMEL.
Even VSA could compete against EMEL slightly better than ABC. Also, GWO is the most competitive
algorithm in CEC 2005 benchmarks but this effort still not satisfactory since EMEL is significantly superior to

it. On the other hand, tough competition of PSO becomes absent for the second category functions. EMEL

achieves the most significant difference of these benchmarks against PSO.

4.3. Results Based on CEC 2017 Benchmarks

Compared algorithms used the design parameters that given in Appendix C for
experimenting the thirty-nine CEC 2017 benchmarks. Values of common control parameters for all
algorithms were set same in order to provide fair chances in the experiments. The population size
were set to thirty and the number of maximum iterations were set to five hundred without other
termination criterion. All algorithms were run thirty times on each benchmark to construct the
dataset. Also, same seed values of random number generator of each separate run reserved the same

initial population for all algorithms at each run.
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Table 4.3. Mann Whitney U test comparison results based on CEC 2017 benchmarks

29 BENCHMARKS OF CEC 2017
Opponent Algorithm
GWO ABC PSO VSA

= | EMEL is better 14 12 11 17

2 | No Difference 9 1 13 10

£ = | Opp. is better 6 6 5 2
£ o |GWO is better 6 7 13
S, = | No Difference 8 8 6
= O Opp. is better 15 14 10
2 v |ABCis better 12 15
e ﬁ No Difference 10 5
< Opp. is better 7 9
= o PSO is better 14
gj No Difference 8

Opp. is better 7

Table 4.3 demonstrates the results of pairwise comparison of the algorithms over twenty-
nine CEC 2017 benchmarks. GWO displayed one of the highest number of functions that have
significantly better results than EMEL among the tested algorithms. Although GWO outperforms
EMEL in six of functions, EMEL is still superior to GWO by achieving significantly better results
in fourteen of functions. Also, the number of functions whose optimization results are marked as No
Difference is considerably less than the other algorithms. This shows significant polarization in
outcomes comparing to the results of other algorithms. It can be concluded that EMEL outperforms
GWO, especially, if the search space is challenging such as in CEC 2017 benchmarks.

Superiority of ABC over EMEL is considerably high among the tested algorithms. Its results
are significantly better than EMEL in six of functions. Furthermore, ABC generates less polarization,
which leads EMEL having significantly better results in twelve of functions. Though ABC challenges
EMEL slightly more than GWO, EMEL is still an obvious choice against ABC.

The results have the highest amount of No Difference in functions for PSO. However, EMEL
still manages having more than twofold significantly better results than PSO. PSO’s performance is
slightly less than GWO’s and ABC's with being superior in five functions. Considering ABC and
GWO, PSO is the only one causes EMEL's performance to place under twelve. However, in spite of
power of PSO, there is strong confidence to favour EMEL as a safe choice as an optimization tool
comparing to PSO.

Regardless of their strategic similarity, EMEL’s performances is distinctively superior to
VSA. VSA produces significantly better results than EMEL in two of functions. EMEL, on the other
hand, is far superior to VSA by achieving significantly better results in seventeen of functions. The

superiority of EMEL over VSA is clear without a doubt.
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4.4. Results Based on Constrained Benchmarks

The design parameters of the compared algorithms were used as in Appendix D in
experiments of thirteen constrained benchmarks. The experimented competitor algorithms had fair
chances in experiments due to setting same values of common control parameters. The population
size were used as thirty and the number of maximum iterations were set to five hundred without other
termination criterion. All algorithms were run twenty-five times on each benchmark to collect the
data. Also, the random number generator were seeded with same values for each separate run in order

to reserving the same initial population for all algorithms at each run.

Table 4.4. Mann Whitney U test comparison results based on constrained benchmarks

13 CONSTRAINED BENCHMARKS
Opponent Algorithm
GWO ABC PSO VSA

= | EMEL is better 9 8 2 6

E No Difference 3 3 7 6

£ = | Opp. is better 1 2 4 1
= o |GWO is better 3 1 3
;5‘) = No Difference 4 3 4
= © Opp. is better 6 9 6
g o |ABCis better 2 3
e ﬁ No Difference 3 5
% Opp. is better 8 5
R o |PSOis better 7
% No Difference 6

Opp. is better 0

EMEL successfully proves its exploration and exploitation abilities on former benchmarks
that have challenging search spaces. Constraint handling, on the other hand, is also must be satisfied
by an optimization algorithm due to the problems which demand extended criterions beyond
capturing the optimum solution. It would be fair considering the constrained functions tougher than
benchmarks chasing only the optimum solution. Constrained functions might have multiple equality
and inequality constraints to be satisfied. Therefore the search spaces of such functions more
challenging due to the obligation that the found solutions must be in feasible areas in terms of meeting
the constraint requirements.

In this context, it can be argued using Table 4.4 that comparison results based on constrained
functions resemble the formers, except the competition of PSO. The results show that EMEL readily
manages outperforming ABC and GWO. According to table, ABC and GWO have the smallest count
of No Difference along with a vast polarization in comparison with EMEL. VSA, on the other hand,
differs from ABC and GWO in terms of obtaining a greater number of No Difference than them.
However, even if VSA could manage reducing the polarization, EMEL still clearly dominate by

being superior to VSA on six of the constrained benchmarks.
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PSO must be highlighted for this context due to its competition finally comes to a superiority
to EMEL. As can be seen in the Table 4.4 PSO prevents a difference on seven out of thirteen
benchmarks. EMEL outperforms PSO on two benchmarks, however, PSO manages being superior

by capturing four of the benchmarks.

4.5. Results Based on Engineering Design Problems

The design parameters of the compared algorithms were used as in Appendix E for
engineering design problems. Fair chances are provided to algorithms in experiments by using same
values for common control parameters. The population size were used as thirty and the number of
maximum iterations were set to five hundred without other termination criterion. All algorithms were
run twenty-five times on each benchmark to collect the data. Also, the random number generator
were seeded with same values for each separate run in order to reserving the same initial population

for all algorithms at each run.

Table 4.5. Mann Whitney U test comparison results based on engineering design problems

CONSTRAINED ENGINEERING DESIGN PROBLEMS
Opponent Algorithm
GWO ABC PSO VSA

= | EMEL is better 2 2 1 4

E No Difference 2 1 3 0

g = | Opp. is better 0 1 0 0
'FE o | GWO is better 1 1 4
S = No Difference 0 1 0
= O | Opp. is better 3 2 0
3 O ABC is better 2 3
§ ﬁ No Difference 0 0
< Opp. is better 2 1
&~ o PSO is better 3
g No Difference 1

Opp. is better 0

The engineering design problems are also have several equality and inequality constraints to
be satisfied. Table 4.5 shows the comparison results of the constrained engineering design problems.
It could be concluded that EMEL’s overall performance on the constrained engineering design
problems is similar with the former results. None of the opponents, except ABC in one of the
problems, attained significantly better results than EMEL. Performance of VSA was lesser to
according to all the tested algorithms along with EMEL. Contrary to VSA, GWO at least manages
to have scores denoting no difference. However, remaining problems are resulted in favour of EMEL.
Following the former constrained benchmark, PSO manages to maintain a tough competition to
EMEL. While three of obtained results could not be present significant difference, the remaining one

captured by EMEL.
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4.6. Overview of Combined Statistical Results

The statistical results are presented separately in former subsections according to sources of
the collected benchmarks. EMEL attained superiority over its rivals by producing significantly better
results for overall benchmarks. Furthermore, combining the results together into one table would
highlight the superiority of EMEL. Table 4.6 presents the combined statistical results of 120

benchmarks.

Table 4.6. Mann Whitney U test comparison results based on combined benchmarks

COMBINED RESULTS OF 120 BENCHMARKS
Opponent Algorithm
GWO ABC PSO VSA

= | EMEL is better 67 67 46 65

2 | No Difference 26 35 49 )

£ = | Opp. is better 27 18 25 13
= o |GWO is better 36 31 48
S, = | No Difference 21 30 23
= O Opp. is better 63 59 49
4 &) ABC is better 35 47
§ ﬁ No Difference 34 29
< Opp. is better 51 44
= o PSO is better 54
C£ No Difference 38

Opp. is better 28

GWO displayed one of the highest number of functions that have significantly better results
than EMEL among the tested algorithms. Although GWO outperforms EMEL in 23% of functions,
EMEL outperforms GWO by achieving 56% significantly better results in functions, which is more
than two folds of the success achieved by GWO. Also, competition of GWO results in the smallest
number of functions whose optimization results are marked as no difference among all algorithms.
This shows significant polarization in outcomes comparing to the results of algorithms. If there is no
significant difference between the optimization performances of two algorithms for a function,
favouring either of them will not be a big deal. In fact, considering both of them successful at that
function would be a fair evaluation. If we re-distribute the functions whose results show no
significant difference in favour of one of the algorithms, an increase in the performances will be
observed. GWO achieves significantly better than or as good results as EMEL in 44% of functions.
On the contrary, EMEL’s performance increases to %78 for functions.

ABC, on the other hand, seems to be obtain less polarization due to the number of functions
with no significant difference is thirty-five. However, the results still polarize in favour of EMEL.
This comparison results in that EMEL being superior to ABC in 56% of the functions while ABC
manages to outperform EMEL in 15% of the set. If we re-distribute the functions whose optimization

results show no significant difference as we did for GWO discussions, EMEL provides significantly
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better results than ABC in 85% of the functions. In return, ABC's performance will be 44% in same
context. EMEL is an obvious choice in this comparison even though ABC present a competition.

PSO is one of the cornerstone algorithms in the field of optimization and it has been a
challenging opponent for EMEL in this study. The results have the highest total amount of no
difference in functions for PSO. However, EMEL still manages having almost twofold significantly
better results than PSO. PSO’s performance is slightly less than GWO’s with the score of 21%.
Considering ABC, GWO, and VSA, PSO is the only one causes EMEL's performance to place under
54% with score of 38%. However, re-distributing the no difference data will lead EMEL to produce
just as good or significantly better results than PSO in 79% of the functions, while PSO obtains
success on 62%. However, in spite of power of PSO, there is strong confidence to favour EMEL
comparing to PSO.

The last algorithm that we investigated in this work is VSA which has a similar search
strategy to EMEL’s. Regardless of their strategic similarity, EMEL’s performances is distinctively
superior to VSA. VSA produces significantly better results than EMEL in 11% of functions. EMEL,
on the other hand, is far superior to VSA by achieving significantly better results in 54% of functions.
When we take into account insignificant differences in favour of algorithms, striking results will be
observed. The competition almost disappears by EMEL's performance of 89%, which is higher score
of this context among the algorithms. VSA, on the other hand, provides just as good or better
optimization performance than EMEL in 46% of the functions. The superiority of EMEL over VSA

is clear without a doubt.

4.7. Analysis of Convergence Curves

A convergence curve is a graphical representation of an optimization algorithm's progress
across iterations. It commonly depicts the objective function value on the y-axis and the number of
iterations on the x-axis. The convergence curve assists in measuring the algorithm's effectiveness
and efficiency by demonstrating how quickly and effectively it approaches the optimal solution.
Analysing the convergence curve provides insights regarding the algorithm's stability, speed, and
dependability. For instance, a rapidly dropping curve indicates fast convergence, but a plateau may
indicate a local minimum or the need for parameter tuning.

In order to provide an insight, the convergence curves of the algorithms are sampled in Figure
4.1, 4.2, and 4.3. Convergence curves of six benchmarks selected from shifted/rotated, hybrid and
composition functions of CEC 2017 are presented for all algorithms. According to the figures, the
proposed algorithm EMEL maintains a consistent, gradual decrease in objective function values
across all benchmark functions. This steady descent implies that EMEL avoids large oscillations or
erratic behaviour, which is frequently desired for stability in optimization tasks. Although EMEL

does not achieve rapid convergence, its approach to convergence is consistent, with relatively smooth
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curves and few sudden changes in function values. This steady approach could be useful in

applications where gradual optimization is preferred over aggressive convergence.
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Figure 4.1. Convergence curves of the algorithms for selected benchmarks.
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Figure 4.2. Convergence curves of the algorithms for selected benchmarks (continues)
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Figure 4.3. Convergence curves of the algorithms for selected benchmarks (continues)
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4.8. Future Works of the Proposed Algorithm

The proposed algorithm EMEL presents a basic optimization approach by using fundamental
and free of complex operations. Despite its simplicity, EMEL manages to outperform its opponents.
However, it is found out that some contexts, such as constraint handling, could be able to challenge
EMEL. Since optimization field is vast and rich in terms of variety of problems the emerging
challenges are insignificant as a result of No Free Lunch theorem, which states that there is no
algorithm could handle all problems with same performance. Nevertheless, literature involves some
methods that aim performance improvement on optimization algorithms. For instance, history-based
methods use a memory consisting of previous solutions either to prevent or contribute visiting them
in next iterations of the search. Levy flights, on the other hand, apply random huge walks over search
space in order to prevent stuck on local optimum solutions. Adaptive parameter control is other
approach that dynamically adjusts the values of one or more design parameters for an effective
balance between exploration and exploitation. Considering such methods existing in literature,

EMEL has potential improvements and future researches would focus on that subject.
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S. CONCLUSIONS

A novel population-based optimization algorithm called EMEL, which stands for
Exploration of Moving and Ever-shrinking Layers, is proposed in this thesis work. In order to validate
the effectiveness of the proposed algorithm a benchmarks set consist of 120 functions is used. The
most commonly studied benchmarks from the literature are collected to form the benchmark set of
this study. The formed benchmark set involves various and challenging characteristics such as
shifted/rotated search spaces, hybrid and composition functions, constrained functions and also real
world engineering design problems.

Optimization of constraint handling requires further calculations due to the equality and
inequality constraints that are needed to be satisfied. EMEL and other algorithms are properly
modified in order to import penalized fitness function. The experimental framework was constructed
to provide fair chances to algorithms during optimization processes. For this purpose, values of
appropriate design parameters of algorithms were tuned to obtain best optimization performances.
The results were compared according to statistical significance.

In order to carry out a comparative study, well-known metaheuristics PSO, ABC, GWO and
VSA are used in the experiments. EMEL’s overall performance is identified as outstanding
comparing to its counterparts after the tests. We have carried out our analysis utilizing Mann Whitney
U test to observe EMEL's behaviour. The statistical results are presented separately in former
subsections according to sources of the collected benchmarks. EMEL attained superiority over its
rivals by producing significantly better results for overall benchmarks. Furthermore, if the results are
combined together, the obtained table would highlight the EMEL's performance. According to
discussion of combined statistical results, it could be confidentially argued that EMEL would be a
promising optimization algorithm.

In spite of the slight competition EMEL proved to be obviously superior to tested algorithms
for benchmarks. The toughest challenge have come with PSO's no difference score, which places its
percentage of being just as good or better than EMEL to top among all other competitors. However,
this does not produce a superiority. Still, EMEL manages to demonstrably outperform PSO in
benchmarks. Also, PSO was the second best choice for real-world problems. Once again, this was
not a superiority against EMEL, yet a satisfactory competition with other rivals.

On the other hand, the proposed algorithm has some drawbacks. For example, the proposed
algorithm cannot be applied to problems requiring binary solutions in its current state. Another
limitation originates from the virtual search space's gradually shrinking structure. Once the virtual
search space begins to shrink, even if it continues to move across the space, the overlapping area
gradually decreases, reducing the possibility of generating solutions anywhere in the search space.

As a drawback, this situation may cause the algorithm to converge around a local optimum and
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become stuck there. Furthermore, this situation limits the algorithm's adaptability to dynamic
problems.

Constraint handling abilities of EMEL are also required to be carefully investigated. Though
EMEL manages being favourable among ABC, GWO and VSA, the reasons that allows PSO to show
such a competition are needed to be disclosed. Furthermore, following a detailed research, proper
methods enhancing the optimization skills and constraint handling abilities could be inherited from
the literature to improve the performance of EMEL.

It can be concluded that EMEL is a simple but efficient optimization algorithm. Its
performance is quite efficient comparing to some of the cornerstone optimization algorithms. Its
simple search strategy is promising for further improvements. Future studies will focus on

improvements that aim at eliminating the aforementioned drawbacks of the proposed algorithm.
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Appendix F: Welded Beam Design Problem

Welded beam design problem (Cagnina et al., 2008; Ragsdell and Phillips, 1976) aims to
minimize the cost of welded beam in the manufacturing process. This objective is subject to shear
stress, bending stress in the beam, buckling load on the bar, and maximum end deflection of the
beam. The design variables are the width and length of the welded area, the depth and the thickness

of the main beam. The objective function and constraints of welded beam design are given as follows:

Minimize:

F(@) = 1.10471x%x, + 0.04811x3x, (14 + x,)

Subject to:

g1(%) = (%) — 13600 < 0

92(%) = o(¥) —30000 < 0

93(X) =x; —x, <0

ga(®) = 0.10471x7 + 0.04811x3x, (14 + x,) =5 <0
gs(®) =0125—x, <0

ge(¥) =8(%)—025<0

g7 (%) = 6000 — P.(¥) < 0

(—’) J( 1)2 + (2 ! II) X2 + ( //)2 ! 6000 1 MR
X)) = [(t ') =+ (1")?, T = , T =—
2R V2x,%, J
2 2 2 2
_ X2 _ X2 (x1 + x3) _ X2 (x1 + x3)
M—6000(14+2), R—\/4+ ) T =2 (V2| S+ (T
@ 504 - 103 5) 65856 - 103
X)=————, X)=—"-—"—
7 Xg2 (30 - 10)xx3
30-10°
2x© X3 [
4.013(30-109) =324 4(12-10°)
P.(%) = 36 1-—
¢ 196 \ 28 /
with:

01<x,x,<2and 0.1 <x,,x3 <10
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Appendix G: Speed Reducer Design Problem

The objective of speed reducer design (Cagnina et al., 2008; Golinski, 1970) is minimizing
the total weight of the speed reducer. This problem considers face width, module of teeth, number of
teeth on pinion, length of the first shaft between bearings, length of the second shaft between
bearings, diameter of the first shaft and diameter of the second shaft. The weight of the speed reducer
is minimized subject to constraints on bending stress of the gear teeth, surface stress, transverse

deflection of the shafts and stress in the shafts. The objective function and constraints of speed

reducer design are given as follows:

Minimize:

f(%) = 0.7854x,x%(3.3333x3 + 14.9334x; — 43.0934) — 1.508x, (x2 + x2)

(xd + x3) + 0.7854(x,x¢ + x5x2)

2
) +169-10°-1<0

+157.5-10°-1<0

+ 7.4777
Subject to:
@)= —7——120
X) = -1<
91 X1X2x5
@ 3975 L _,
X) = -1<
92 X, X5 %3
1.93x3
gs(®) = > -1<0
XpX3Xg
@ 1.93x3 1<0
X) = -1<
g4 X X3X7
@ 1.0 (745x4
xX) =
9s 110x3 |\ xpx3
@ 1.0 (745x5)2
X)=—=
9s 85x3 |\ x3x3
. X2X3
= —-1<0
g7(x) 40 =
5 5X3
gg(xX)=——-1<0
X1
@®="t-1<0
9o =10y, ° =
.. 15x¢+19
gro(®) =—"—"-1<
X4
. 1lx,+ 19
g1 (@ =—"""-1<0
Xs5
with:

2.6 <x; <3.607<x,<0817 <x;3 <28,73<x,<83,7.8<x;<83,29<x, <39

and 5.0 < x; < 5.5
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Appendix H: Piston Lever Design Problem

The aim of piston lever design problem (Gandomi et al., 2013) is to locate the piston
components by minimizing the oil volume when the lever of the piston is lifted up from 0° to 45°.
The problem involves four design variables which are H, B, D and C. This problem can be formulated

as follows:

-

X = [x1,%2,x3,x4] = [H,B,D, (]

Minimize:

- 1
f(X) = 7mD*(Lz — L1)

Subject to:

g1 =QLcos8 —RF <0

G2 = QL =€) = Mypge < 0
g3=12(L,—L;)—L; <0
gs=D/2—-B <0

where:
R = |-C(Csin@ + H)+ H(B — Ccos6)|

J(C —B)? + H?
Ly =y(C=B)?+H% Ly =4(Csinf+H)?+ (B~ Ccos)>

F =nPD2/4

where payload Q = 10000 lbs, L = 240 in, 8 = 45°, the maximum bending moment of the lever is

Mpqr = 1.8 X 10° Ibs - in, and the oil pressure is given as P = 1500 psi

with:
0.05<H,B,D <500and 0.05<C <120
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Appendix I: I-Beam Design Problem

The I-beam design problem (Gandomi et al., 2013; Gold and Krishnamurty, 1997) aims to
design an I-shaped beam having minimum vertical deflection. In this case, there is four variables
representing length, height and two thicknesses. The problem is minimized subject to cross-section

area and stress constraints. The objective function and constraints of I-beam design are given as

follows:
Minimize:
b htt) = 5000
I (k= 2t5)3 bt} one. (o)
— 1zt T (T)

Subject to cross section area less than 300 cm?:

g1 = 2bt,, + t,,(h — 2tf) < 300

Subject to bending stress:
18h - 10* 15b - 103
+ 3 3 <
ty(h— 2t)3 + 2bt,, (4t]2 +3h(h - th)) (h —2t7)t5, + 2t,,b

with:
10=h=<80,10=bh=<50,09<t,<5and09<t; <5
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