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ABSTRACT

ELECTRIC FISH OPTIMIZATION: A NEW HEURISTIC
ALGORITHM BASED ON ELECTROLOCATION

Selim YILMAZ

Doctor of Philosophy, Computer Engineering Department
Supervisor: Assoc. Prof. Dr. Sevil SEN AKAGUNDUZ
January 2020, 238 pages

Swarm behaviors in nature have inspired the emergence of many heuristic optimization al-
gorithms. These algorithms have attracted much attention, particularly for solving com-
plex problems, owing to their characteristics of supporting high dimensional data, non-
differentiate functions, and the like. In this thesis, a new heuristic algorithm inspired by

communication of electric fish and their way of finding their prey location is proposed.

Nocturnal electric fish have very poor eyesight and live in muddy, murky water, where visual
senses is very limited. Therefore, they rely on their species-specific ability called electrolo-
cation to perceive their environment. The active and passive electrolocation capability of
such fish is believed to be a good candidate for balancing local and global search, and hence

it is modeled in this study.

A new heuristic algorithm called Electric Fish Optimization (EFO) is introduced for solving
single-objective optimization problems and compared with both six well-known heuristics
(Simulated Annealing, Vortex Search, Genetic Algorithm, Differential Evolution, Particle

Swarm Optimization, and Artificial Bee Colony) and popular methods in the literature. In the


http://cs.hacettepe.edu.tr

experiments, a well-known selection of bound-constrained 50 basic and 30 complex mathe-
matical functions, unconstrained 13 clustering and classification problems, and bound- and
design-constrained 5 real-world problems have been used as the benchmark sets. The simu-

lation results indicate that EFO is better than or very competitive with its competitors.

Furthermore, the single-objective EFO algorithm has been extended in order to handle multi-
objective optimization problems. While the search behaviour of the single-objective EFO is
preserved, few modifications are applied in order to adapt the algorithm for solving multi-
objective optimization problems. Three types of multi-objective EFO algorithms are pro-
posed, namely Pareto-Dominance based Electric Fish Optimization (PD-EFO), Non domi-
nated Sorting-based Electric Fish Optimization (NS-EFO), and Cellular-based Electric Fish
Optimization (CB-EFO). All these multi-objective algorithms have been tested on 30 multi-
objective benchmark problems that are commonly used in the literature. The obtained opti-
mization performances have been evaluated through the most popular convergence metrics.
Findings from these metrics reveal that CB-EFO algorithm has shown the best performance
compared to the other multi-objective EFO algorithms and that NS-EFO has shown a perfor-
mance that is the most competitive to CB-EFO. CB-EFO algorithm has then been compared
to the well-known multi-objective optimization algorithms in the literature using the same
problem set. Experimental findings have shown that CB-EFO performs a performance su-
perior than the competitors. To sum up, in this thesis, a new swarm-based algorithm which
is shown to be effective for both single- and multi-objective optimization problems, is intro-

duced to the community.

Keywords: Nature-inspired algorithm, Heuristic algorithms, Population-based algorithms,

Swarm intelligence, Electric Fish, Electrolocation, Electrocommunication, Real parameter

optimization, Single-objective optimization, Multi-objective optimization.
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OZET

ELEKTRIK BALIGI OPTIMiIiZASYONU: ELEKTROLOKASYON
TABANLI YENI BiR SEZGISEL ALGORITMA

Selim YILMAZ

Doktora, Bilgisayar Miihendisligi
Damisman: Doc. Dr. Sevil SEN AKAGUNDUZ
Ocak 2020, 238 sayfa

Dogada gozlemlenen siirii davraniglari, bircok sezgisel optimizasyon algoritmasinin ortaya
cikmasina neden olmustur. Yiiksek boyutlu veriyi, tiirevlenemez fonksiyonlar1 desteklemesi
ve benzeri karakteristikleri ile bu algoritmalar 6zellikle karmasik problemlerin ¢éziimii icin
oldukca dikkat cekmektedirler. Bu tez calismasinda elektrikli baliklarin iletisiminden ve av

yerlerini bulma davraniglarindan ilham alan yeni bir sezgisel algoritma Onerilmistir.

Geceleri oldukca hareketli yasayan elektrik baliklar1 cok zayif gorme yetenegine sahiptir
ve gorsel duyularin ¢ok sinirli oldugu ¢camurlu, bulanik suda yasamaktadirlar. Bu nedenle,
cevrelerini algilamak icin elektrolokasyon adi verilen tiirlerine 6zgii yeteneklerine giiven-
mektedirler. Bu tiirdeki baliklarin sergiledigi aktif ve pasif elektrolokasyon yeteneginin,
yerel ve kiiresel aramanin dengelenmesi i¢in iyi bir davranig olduguna inanilmaktadir ve

baliklarin bu yetenegi bu calismada modellenmistir.

Bu tez ¢alismasinda, Elektrik Balig1 Optimizasyonu (EFO) ad1 verilen, tek-amacl optimiza-
syon problemlerini ¢cdzmek i¢in yeni bir sezgisel yontem tanitilmig ve literatiirdeki 1yi bili-
nen alt1 sezgisel algoritma (Benzetilmis Tavlama, Girdap Arama, Genetik Algoritma, Difer-
ansiyel Evrim, Parcacik Siiriisii Optimizasyonu, ve Yapay Ar1 Kolonisi) ve mevcut bircok
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yontem ile karsilastirilmistir. Kiyaslama kiimesi olarak, parametre uzayi sinirlandirilmig
50 temel ve 30 karmagik matematiksel fonksiyon, parametre uzayi sinirlandirilmamig 13
adet kiimeleme ve smiflandirma problemi, parametre uzay1 ve tasartmi sinirlandirilmig 5
adet gercek diinya problemini iceren bir kiime deneylerde kullanilmistir. Deney sonuclari,
EFO’nun rakiplerine gore daha iyi ya da oldukga rekabetci bir algoritma oldugunu goster-

mistir.

Cok-amach problemleri de ele almak amaciyla 6nerilen tek-amacli EFO algoritmasi bu ¢alis-
mada genigletilmistir. Tek-amagli EFO algoritmasindaki arama davranigi genel olarak ko-
runurken, algoritmaya bazi modifikasyonlar yapilarak algoritma cok-amacli problemlerin
¢oziimii icin uyarlanmistir. Ug farkli cok amagl optimizasyon algoritmasi Onerilmistir:
Pareto-baskin Tabanli EFO (PD-EFO), Bastirilamayan-sirali Tabanli EFO (NS-EFO) ve Hu-
cresel Tabanli EFO (CB-EFO). Bu algorithmalar, literatiirde siklikla kullanilan 30 adet ¢ok-
amacl optimizasyon problemi iizerinde test edilmistir. Elde edilen optimizasyon perfor-
manslar1 baz1 yakinsama metriklerine gore degerlendirilmistir. Bu metriklerden elde edilen
bulgular; CB-EFO algoritmasinin digerlerine gore en iyi bagarimi sergiledigini, bu basarima
en ¢cok NS-EFO algoritmasinin yaklastigin1 gostermistir. CB-EFO algoritmast yine ayni
problem kiimesi iizerinde literatiirde iyi bilinen ¢ok-amacli optimizasyon algoritmalar ile
karsilagtirilmis ve deneysel bulgular, CB-EFO’nun rakip yontemlere gore ¢ok daha iyi bir
performans sergiledigini gostermistir. Sonug olarak, bu tez calismasinda, hem tek-amacl
hem de cok-amacl optimizasyon problemleri etkin bir sekilde ¢ézen yeni bir siirii tabanl

optimizasyon algorithmasi literatiire katilmistir.
Anahtar Kelimeler: Dogadan esinlenen algoritmalar, Sezgisel algoritmalar, Popiilasyon-

tabanli algoritmalar, Siirii zekasi, Elektrikli baliklar, Elektrolokasyon, Elektroiletisim, Ger¢ek

parametre optimizasyonu, Tek-amagh optimizasyon, Cok-amacli optimizasyon.
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GENISLETILMIS OZET

Optimizasyon, belirli sayida kisitlamaya sahip bir sorun i¢in sayisiz ¢oziim seti arasinda
miimkiin olan en iyi veya en azindan kabul edilebilir ¢éziimleri bulma siirecidir [1]. Cok
kiplilik, yiiksek boyutluluk, tiirevlenemezlik, dogrusal olmama gibi karmagik sorunlarin
ozellikleri, bu problemlerin klasik algoritmalar kullanilarak ¢oziilmesini imkansiz hale ge-
tirmektedir. NFL [2] teoremine gore tiim sorunlara en 1yi ¢oziimii saglayan tek bir yontem
bulunmamaktadir. Dolayisiyla, bir soruna en uygun ¢oziimii garanti etmeyen ancak kabul
edilebilir bir siire i¢inde kabul edilebilir ¢oziimler bulan sezgisel algoritmalara olan ilgi art-
maktadir. Bu algoritmalar literatiirde goriintii isleme [3, 4], veri madenciligi [5], rotalama [6]

ve konusma tanima [7] gibi bircok miihendislik problemine uygulanmistir.

Sezgisel yontemlerde iki 6nemli arama bileseni vardir: Kegif ve somiirii. Kesifsel veya kiire-
sel arama, arama ajanlarint miimkiin oldugunca cesitli tutarak arama alaninin bilinmeyen
bolgelerinde arama yapmaya yonlendiren bir sezgisel tarama yetenegidir. Diger taraftan
sOmiirii, en iyi ajanlarin bilgilerini kullanarak uzayda arama yapmaya odaklanan bir yetenek-
tir. Sezgisel yontemlerin basarisi biiyiik ol¢iide bu bilesenlerin ne kadar iyi dengelendigine
baglidir [1, 8]. Yerel optimumda takili kalmamak i¢in ilk iterasyonlarda kesif kullanmak
ve iterasyonlar ilerledik¢e kesifsel aramay1 azaltip algoritmanin yerel arama yapmasina izin

vermek kabul edilen genel bir kuraldir [9, 10].

Ustsezgilerin biiyiik ¢ogunlugu dogadaki biyolojik veya fiziksel sistemlerin davraniglarin-
dan esinlenerek tiiretilmistir. Literatiirde, dogal olaylari modelleyen, dogadan esinlenen al-
goritmalar olarak adlandirilan, bircok popiiler sezgisel algoritma vardir. Ornegin, karincalar
tarafindan birakilan feromon, Karinca Kolonisi Optimizasyonu algoritmasinin temelidir, ben-
zer sekilde arilarin kuyruk dansi davranig1 Yapay Ar1 Kolonisi Algoritmasinin temelini olus-
turmaktadir. Bu calismada, gercek parametreli optimizasyon problemlerini ¢d6zmek i¢in
elektrikli baliklarin elektrolokasyon ve elektro-iletisim dzelliklerinden esinlenilen Elektrik
Balig1 Optimizasyonu adli yeni bir popiilasyon tabanl sezgisel algoritma onerilmistir. Elek-
trolokasyon, elektrikli baliklarin etrafindaki nesneleri/yiyecekleri algilamalarini saglayan tiire
Ozgii bir yetenektir. Elektrikli baliklarin elektrolokasyon kabiliyeti iki ana dalda incelenir:
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aktif elektrolokasyon ve pasif elektrolokasyon. Bu yetenekler, 6nerilen EFO algoritmasinda
yerel ve kiiresel arama yeteneklerini yerine getirmektedir. Elektro-iletisim, elektrik balik-
larmin elektrik sinyalleri yoluyla kurdugu tiire 6zgii iletisim seklidir. Bu calismada, 6ner-
ilen algoritmanin diger bulugsal yontemlere gore performansini arastirmak i¢in dort farklh
deney gerceklestirdik. ilk deneyde, 50 temel ve 30 karmagsik matematiksel problemi iceren
(CEC’17 Olciit Kiimesi [11] olarak da bilinir) bir kiyaslama seti kullanilmistir. Onerilen EFO
algoritmasi ile rakip bulugsal yontemler arasindaki istatistiksel farkliliklar1 degerlendirmek
icin Wilcoxon Imzali Siralama Testi, VIKOR ve TOPSIS gibi ¢ok kriterli karar verme yon-
temleri uygulanmigtir. Ikinci deneyde, onerilen EFO algoritmasinin performansi, énemli
makine 6grenmesi igslemlerinden olan kiimeleme ve siniflandirma problemleri iizerinde analiz
edilmistir. Kiimeleme yontemleri goriintii igleme, jeofizik, tarima, giivenlik ve suc tespitine
kadar bircok arasgtirma alaninda yaygin olarak kullanilmaktadir. Bu deneyde, gercek ver-
ilerden elde edilen 13 kiimeleme veri kiimesi test amaciyla kullanilmistir. Bunun yanisira
bu deneyde; literatiirde son zamanlarda oldukca onem kazanmis bot ag akislarinin tespiti
tizerinde EFO algoritmasi bir siniflandirma algoritmasi olarak incelenmis ve literatiirdeki
mevcut yontemler ile kiyaslanarak algoritmanin performansi dl¢iilmiistiir. Son deney, bili-
nen bes adet gercek-hayat tasarim probleminden olusmaktadir. Bunlar; kaynakli kiris, yay
tasarimi, basingl kap, iic cubuklu kafes tasarimi ve hiz diisiiriicii problemleri olarak ad-
landirilmaktadir. Ucgiincii deneyin asil amaci, EFO nun kisitlanmis problemler iizerindeki
performansin1 gozlemlemektir. Onerilen algoritma, deneylerde iyi bilinen sezgisel yontem-
lerle karsilastinlmistir. Tiim deneylerden elde edilen sonucglar; EFO’nun kiiresel ve yerel
aramalar arasinda ince bir denge sagladigini, “Once kesfet, sonra somiir” yaklagimini iyi bir
bicimde siirdiirdiigiinii ve EFO’nun 6zellikle karmagik tasarim problemlerinde rakiplerinden
cok daha iy1 veya rekabet¢i performans gosterdigini gostermektedir ki bu da ¢ogu gercek
diinya problemi i¢in hayatidir. Performansi, farkl tiirdeki problemler iizerinde derinleme-
sine incelenerek, dogadan ilham alan yeni bir tek-amacli optimizasyon algoritmasi bu tez

calismasinda onerilmistir.
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Buna ek olarak, tek-amacl problemler iizerindeki basarisindan ilham alinarak, EFO algo-
ritmasi, ¢ok-amagli optimizasyon problemlerini ele almak amaciyla genisletilmis ve cok-
amacl EFO algoritmasinin ii¢ farkli uygulamasi onerilmistir. Bu da tez ¢alismasinin ikinci
asamasini olusturmaktadir. Onerilen cok-amagh EFO algoritmalari, tez ¢alismasinin birinci
asamasinda onerilen tek-amacl EFO algoritmasina dayanmaktadir. Dolayisiyla tek-amaclt
EFO algoritmasinin arama davraniginin temeli ¢ok degistirilmeden ¢ok-amacli problemlere
uyarlanmisg, algoritmanin arama performansini bu tiirdeki karmasik problemlerde iyilestire-
cek bazi degisiklikler yapilmistir. Boylece; Pareto-baskin Tabanli, Bastirilamayan-sirali Ta-
banli, ve Hiicresel Tabanli Elektrik Balig1 Optimizasyon algoritmalar1 cok-amacli optimiza-

syon algoritmalar1 olarak literatiire onerilmistir.

Onerilen algoritmalar, literatiirde siklikla kullanilan DTLZ [12], LZ09 [13], WFG [14], ve
ZDT [15] ailelerinden 30 adet dl¢iit problem iizerinde test edilmis ve istatistiksel basarilari
cok-amacl problemlerde algoritmalarin yakinsama performansini 6l¢gen hiper-hacim, yayima,
epsilon ve ters nesilsel mesafe Olgiitlerine gore arastirllmigtir. Elde edilen bulgular, CB-EFO
algoritmasinin ortalamada digerlerine gore acik bir sekilde daha iyi performans sergiledigini
gozler Oniline sermistir. Literatiideki basarisini tespit etmek i¢cin, CB-EFO algoritmasi ayn1
problem kiimesi iizerinde ve ayni ol¢iit kriterleri kullanilarak literatiirde ¢ok bilinen; Hizli-
bastilamayan Siralama Genetik Algoritmasi (NSGA-II) [16], Kuvvet Pareto Evrimsel Algo-
ritmas1 (SPEA2) [17], Indikator Tabanl Evrimsel Algoritma (IBEA) [18], Ayristirma Tabanli
Cok-amach Evrimsel Algoritma (MOEAD) [19] ve Cok-amacli Hiicresel Genetik Algoritma
(MOCell) [20] ile karsilagtirilmistir. Bulgular CB-EFO’nun, hiper-hacim, epsilon ve ters
nesilsel mesafe olciitlerine gore rakiplerinden daha iyi, yayilma metrigine gore olducka reka-
betci bir optimizasyon performansi sergiledigini kanitlamigtir. Boylece ¢ok-amaghh CB-EFO

algoritmasi, var olan metotlara giiclii bir alternatif algoritma olarak literatiire Onerilmistir.

Onerilen ¢ok amach EFO algoritmalarindan; PD-EFO, tek amagli EFO algoritmasinda 6ner-
ilen arama operatorleri tizerinde bir degisiklik Onermemektedir, ancak ¢cok amacli optimiza-
syon problemlerine uygulanabilir hale getirmek i¢in PD-EFO, c¢oziimlerin ama¢ uzayinda
ne kadar yakinsama sagladigim1 gozler 6niine seren Pareto baskinlik bilgisini kullanmak-

tadir. PD-EFO icin yapilan modifikasyonlar; bireylerin arama rollerinin belirlenmesini,
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yeni aday bireyin secilmesini ve baskin olmayan c¢oziimlerin farkli bir kiimede depolan-
masin1 kapsamaktadir. PD-EFO’da oldugu gibi, NS-EFO da tek amacli EFO algoritmasinin
arama operatorleri tizerinde bir degisiklik yapmamaktadir. Ayrica NS-EFO, baskin olmayan
arama bireylerini saklamak icin PD-EFO’da kullanilan Pareto-baskinlik stratejisini kullan-
maktadir. Bireylerin arama rollerini belirlemek ve popiilasyona dahil edilecek yeni aday
bireyleri se¢mek icin NS-EFO’da kullanilan strateji PD-EFO’dan farklidir. NS-EFO, bu
gorevleri yerine getirmek i¢in [16, 21]°de Onerilen Pareto front ve kalabalik mesafesi kavram-
larin1 kullanmaktadir. PD-EFO’nun aksine, NS-EFO’da baskin olmayan ¢oziimleri bagka bir
kiimede saklamak icin bir strateji kullanilmamistir. Bununla birlikte, CB-EFO, ¢ok amagh
optimizasyon problemlerinde optimizasyon performansini artirmak amaciyla tek amacgli EFO
algoritmasinda onerilen arama operatorlerinde birkac degisiklik yapmaktadir. Buna ek olarak,
EFO’daki zaman karmagiklifin1 azaltmak icin CB-EFO’daki komsuluk yapisi [22, 23]’de
onerilen bir kafes topolojisi kullanilarak soyut bir sekilde temsil edilmektedir. NS-EFO’da
oldugu gibi CB-EFO da bireylerin arama roliinii belirlemek i¢in Pareto front ve kalabalik
mesafesi kavramlarini kullanmaktadir. Buna ek olarak, CB-EFO, baskin olmayan ¢6ziimleri
de depolamak icin PD-EFO’da kullanilan stratejiye benzer bir strateji kullanmaktadir, an-
cak burada depolanan baskin ¢éziimlerin arama siirecine katkida bulunmasina izin verilirken
PD-EFO’daki ¢oziimlere izin verilmemektedir. Onerilen ¢cok amacli EFO algoritmalarinin

her adimi ayrintili bir bi¢imde bu tezde aciklanmigtir.

Bildigimiz kadariyla, bu calismada onerilen algoritma, karmasik sorunlar1 ¢6zmek icin elek-
trikli baliklarin aktif/pasif elektrolokasyon ve elektro-iletisim yeteneklerinden esinlenen ilk
algoritmadir. Yakin zamanda Onerilen bir algoritma, Balik Elektrolokasyon Optimizasyonu
(FEO) [24], kapasitans tespiti olarak adlandirilan, elektrikli baliklarin canli nesneleri cansiz
nesnelerden kapasitif ve direng 6zelliklerini analiz ederek ayirt etme yetenegini modelleyen
bir algoritmadir. FEO’daki bireyler, aktif elektrolokasyon ile ol¢giilen nesnenin kapasitansi,
egimi ve genisligi gibi niteliklerini gbz 6niinde bulundurmaktadirlar. FEO’nun olusturulmasi
icin kullanilan metafor ilging olmasina ragmen, algoritmanin tasariminda bazi kritik eksiklik-
ler tespit edilmistir. En dikkat ¢ekici olani, algoritmanin probleme bagli olan bir¢ok parame-

treye (15°ten fazla) sahip olmasidir. Bu nedenle, parametre setindeki kiiciik bir degisiklik,
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algoritmanin performansinda biiyiik bir degisiklik saglayabilmektedir. FEO’nun performans
arastirmasi da oldukca tartismali bulunmustur. Ciinkii algoritma, diisiik boyutlu sinirl sayi-
daki problemler iizerinde fakat yiiksek boyutlu sadece bir problem iizerinde karsilagtirmali
olarak test edilmistir. Bu da yeterli bir karsilastirmanin yapilmadigina isaret etmektedir.
Buna kargin onerilen EFO algoritmasi, elektrolokasyon yaparken balik ve hedef nesne arasin-
daki mesafeye gore degisen elektrik desarj aktivitesi davranigini modellemektedir. Ayrica,
elektrik sinyalleri yoluyla elektrikli baliklar arasindaki iletisim, siirii tabanli algoritmalar i¢in
oldukc¢a 6nemli olan bir davranig, EFO’da da modellenmistir. FEO’nun aksine, 6nerilen EFO
algoritmasi, daha az parametre ve daha basit arama bilesenleriyle FEO’dan ¢ok daha iyi per-
formans gostermistir. Ayrica EFO, yiiksek performans gostermesinin yaninda, uygulamasi

kolay bir algoritmadir.

Literatiirde, elektrik baliklarin aktif elektrolokasyon yetenegini robotik duyu sistemleri tasar-
lamada kullanan calismalar da mevcuttur. Lebastard ve ark. [25] tarafindan bir sualt1 robo-
tunun bulundugu cevrede navigasyon islevi gerceklestirmesi icin zayif elektrik baliklarinin
aktif elektrolokasyon davranisini taklit eden bir model gelistirilmistir. Model, biri sinyal
yayan ve devami alicilardan olusan bir dizi kiiresel elektrot icermektedir. Robot ¢evresin-
deki nesne tarafindan olusturulan dagilim, modelin nesnenin konumunu ve yarigapini tahmin
etmesine yardimci olmaktadir. Maclver ve ark. [26], zayif bir elektrikli balik olan hayalet
baligrn1 daha iyi gelecek nesil Otonom Sualt1 Araclar1 (OSA) tasarlamak amaciyla bir pro-
totip gelistirmek i¢in incelemiglerdir. Prototip sadece aktif elektrolokasyondan degil, ayn1
zamanda avi algiladiktan sonra elektrikli baliklarin manevra davranisindan ilham almustir.
Bir diger caligmada, Maciver ve Nelson [27], zayif elektrikli baliklarin davraniglarindan
esinlenilen bir sinyal igleme algoritmasi gelistirmis ve bir denizalti robotuna elektrosensorel
yetenekler saglayan yapay bir sensor dizisi tasarlamistir.  Solberg ve ark. [28], elektrikli
baliklardaki aktif elektrolokasyon kabiliyetini bir algilama robotu olusturmak iizere mod-
ellemistir. Bu robot, bir elektrik alaninin konumunu kontrol etmek ve su alt1 nesnelerini
tespit etmek i¢in elektro-sensor verilerini siirekli olarak islemektedir. Bu tarz tasarim ¢alig-
malarin ayrintilari, Neveln ve ark. [29] tarafindan detayl bir sekilde incelenmistir. Daha 6nce

de belirtildigi gibi bu ¢alismalar robotik sensor teknolojisi alanindadir ve sadece elektrikli



baliklarin aktif elektrolokasyon yeteneginden ilham almislardir. Ayrica, Onerilen tasarim
coziimleri tek bir algisal robot ajana dayandigindan, bu ¢alismalarda siirii zekasina yer ver-
ilmemigtir [25-28]. Ote yandan, Onerilen EFO algoritmasi, elektrikli baliklarin hem aktif
hem de pasif elektrolokasyon davraniglarindan esinlenmistir ve elektrikli baliklar arasindaki

iletisimi kullanarak siirii zekas1 saglamaktadir.

Onerilen EFO algoritmasi, yerel ve kiiresel arama mekanizmalarim saglamak icin elektrikli
baliklarin hem aktif hem de pasif elektrolokasyon davraniglarindan esinlenen ilk siirii ta-
banl sezgisel algoritmadir. Ek olarak, elektrikli organ desarj aktiviteleri (frekans ve gen-
lik), siiriiye dayali sezgisel bir algoritmada ilk kez modellenmistir. Onerilen EFO algorit-
masinin arkasindaki metafor, dengeli bir yerel ve kiiresel aramanin yan1 sira “Once kesfet,
sonra somiir” yaklasimmi desteklemektedir. Onerilen EFO algoritmasi, FEO’nun aksine
ayarlanmasi gereken sadece iki parametreye sahiptir. Ek olarak, deneylerde EFO parame-
trelerinin, algoritmanin performansi iizerinde dramatik bir etkisi olmadig1 gosterilmistir, bu

da EFO’nun parametrelerinden bagimsiz saglam bir algoritma oldugunu gostermektedir.

Bu tez ¢alismasinda, onerilen EFO algoritmasinin performansi ¢esitli problemler iizerinde
kapsamli bir sekilde degerlendirilmistir. EFO’nun, farkl kisitli, kiimeleme ve gercek diinya
tasarim problemleri {izerinde, literatiirdeki neredeyse tiim mevcut yaklagimlardan onemli

Olciide daha 1yi performans gosterdigi gosterilmistir.
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1. INTRODUCTION

Optimization is the process of finding the best possible or at least admissible solutions among
numerous solution sets for an optimization problem with a certain number of constraints [1].
An optimization problem' with a certain number of equality and inequality constraints can

often be stated as follows:
minimize  f(X)
X

subject to
g:(X)<0i=1,2,...,p
hi(X)=0j=1,2,...,q

where X is an n-dimensional vector (X = [y, %,...,2,]T), called design vector. xy,
{k = 1,2,...,n} is kth parameter of the vector to be optimized. ¢;(X) and h;(X) indi-
cate p inequality and ¢ equality constraints, respectively. Among infinite number candidate
solution set (S) of the search space (£2), optimal solution vector (X*) is found (X* C S C )

by an optimization algorithm.

The characteristics of complex optimization problems such as multimodality, high dimen-
sionality, nondifferentiability, nonlinearity make it impossible to solve these problems using
classical optimization algorithms. Owing to the NFL [2] theorem, which states that there is
no sole method that provides the best solution to all problems, there has been growing inter-
est in heuristic algorithms that do not guarantee an optimal solution to the problem, but find
admissible solutions within an acceptable time. Such algorithms have been applied to numer-
ous engineering problems in the literature, such as image processing [3, 4], data mining [5],

routing [6], and speech recognition [7].

There are two major search components in heuristics: Exploration and exploitation. Explo-

ration, or global search, is the ability of a heuristic that directs it to search unknown regions

Uminimize should be changed to maximize when the goal is maximization.
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of the search space by keeping the search agents as diverse as possible, whereas exploita-
tion is the ability that focuses on searching by exploiting information of the best agents in
the space. The success of a heuristic is strongly dependent on how well these components
are balanced [1, 8]. It is a rule of thumb to use exploration at the beginning of the itera-
tions to avoid trapping in local optimum and to fade it out by a lapse of iterations to allow
an algorithm to search its locality, which hence enables the algorithm to better converge to
the global optimum [9, 10]. In the following, the definitions of local and global optimum
have been given while they have been demonstrated on a two-dimensional search space in

Figure 1.1..

e Local optimum: A local optimum of an optimization problem is either local minimum

or local maximum.

- Local minimum: A local minimum Z; | Z; €  of an optimization problem
(f : © — R) is a vector of points where f(Z;) < f(x) such that = € 2 for all =

neighboring of Z;.

— Local maximum: A local maximum z; | #; € 2 of an optimization problem
(f : © — R) is a vector of points where f(Z;) > f(z) such that x € €2 for all =

neighboring of z;.

e Global optimum: A global optimum of an optimization problem is either global min-

imum or global maximum.

- Global minimum: A global minimum & | Z € ) of an optimization problem

(f : Q@ — R) is a vector of points where f(Z) < f(x) such that Vo € Q, & # x.

— Global maximum: A global maximum Z | € (Q of an optimization problem

(f : 2 — R) is a vector of points where f(Z) > f(x) such that Vo € Q, & # x.

The vast majority of metaheuristics have been derived from the behavior of biologic or phys-
ical systems in nature. There have been very popular heuristic algorithms in the literature,
called Nature-Inspired Algorithms, that model natural phenomena. For example, pheromone,

2
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Figure 1.1. Local and global optimum demonstration on a two-dimensional search space.

deposited by ants, is the basis of ACO algorithm, and the waggle dance is the basis of ABC
algorithm. In this study, a new population-based heuristic algorithm is proposed, named
Electric Fish Optimization, which is inspired by the electrolocation and electrocommunica-
tion capabilities of electric fish for solving real parameter optimization problems. Electrolo-
cation is the ability of electric fish that enables them to perceive objects/prey around them.
The electrolocation capability of electric fish is examined in two major branches: active elec-
trolocation and passive electrolocation. These capabilities inherently fulfill the exploitation
and exploration characteristic of EFO. Electrocommunication is species-specific communi-
cation behavior of electric fish through electric signals. To investigate the performance of
the proposed algorithm with respect to other heuristics, we have conducted three experi-
ments. In the first experiment, 50 basic and 30 complex mathematical functions (also known
as the CEC’17 Benchmark Suite [11]) are employed as a benchmark set. The Wilcoxon
Signed Rank Test and multicriteria decision-making methods, namely VIKOR and TOPSIS,
are applied to evaluate the statistical differences between the proposed EFO algorithm and
the competitor heuristics. In the second experiment, the performance of the proposed EFO
algorithm is analyzed as a clustering method, one of the important approaches used in data

mining. Clustering methods are widely used in many research areas from image processing,



geophysics, agriculture to security and crime detection [30]. In this experiment, 13 clustering
datasets, which are obtained from actual data, are used as the test bed. The final experiment
comprises five well-known real-world design problems: welded-beam, spring design, pres-
sure vessel, three-bar truss design, and speed reducer problems. The main purpose of the
third experiment is to observe the performance of EFO on constrained problems. The pro-
posed algorithm is compared with well-known heuristics in the experiments. The results
obtained from all the experiments show that EFO ensures a fine balance between global and
local searches, maintaining an ‘explore first, exploit later’ approach, and that EFO performs
much better than or at least competitive with its competitors, especially on complex de-
sign problems employed here, which is essential for most real-world problems. Hence EFO
is introduced to the community as a new nature-inspired single-objective algorithm, which

constitutes the first and the main part of this thesis.

In the second part of the thesis, motivating from its performance on SOOPs, the EFO al-
gorithm has been extended to handle MOOPs and three different multi-objective EFO algo-
rithms have been proposed. The proposed multi-objective EFO algorithms have been built
on the single-objective EFO algorithm proposed in the first part of this thesis. Therefore,
the search behavior of the single-objective EFO algorithm has been kept almost unchanged.
However, some schemes adopted in the multi-objective algorithms have been applied to the
multi-objective EFO algorithms in order to adapt EFO for solving MOOPs and to improve its
search performance on such complex problems. Hence; Pareto-dominant based Electric Fish
Optimization, Non-dominated Sorting based Electric Fish Optimization, and Cellular based
Electric Fish Optimization algorithms have been introduced as multi-objective optimization

algorithms to the literature.

Among the proposed multi-objective EFO algorithms; PD-EFO does not change the search
operators proposed in single-objective EFO algorithm but, to make it applicable to MOOPs,
PD-EFO exploits Pareto dominance information, an indicator in multi-objective concept
used to measure how well a solution could converge to the expected region in the search
space, obtained from the solutions. The modifications made for PD-EFO include the de-

termination the search roles of the individuals, the selection of new candidate individual,
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and the storage of non-dominated solutions in a distinct set. like PD-EFO, NS-EFO does
not change the search operators of single-objective EFO algorithm either and it employs the
same strategy that is used in PD-EFO to store non-dominated search individuals. NS-EFO
differs from PD-EFO in the strategy that is used to determine the search roles of the indi-
viduals and to select new candidate individuals to be included in the population. NS-EFO
makes use of Pareto front and crowding distance concepts proposed in [16, 21] to perform
these tasks. Contrary to PD-EFO, a strategy to store the non-dominated solutions in a set has
not been introduced in NS-EFO. CB-EFO, however, makes a few modification on the search
operators proposed in single-objective EFO algorithm to enhance the optimization perfor-
mance on MOOPs. In addition, the concept of neighborhood in EFO has been represented
in an abstract way through introduced a mesh topology which is proposed in [22, 23] to re-
duce the time complexity. Like NS-EFO, CB-EFO exploits the Pareto front and crowding
distance concepts for determination of search role of individuals. In addition, similar to PD-
EFO, CB-EFO employs a strategy to store the non-dominated solutions as well, however, the
stored-solutions are allowed to contribute the search process while those in PD-EFO are not
allowed. Each step of the proposed multi-objective EFO algorithms has been explained in

detail in this thesis.

The proposed multi-objective optimization algorithms have been tested on 30 benchmark
problems in DTLZ [12], LZ09 [13], WFG [14], and ZDT [15] families, which are frequently
used in the literature. The statistical performance has been measured through HV, SPREAD,
EPSILON, Inverted Generational Distance — IGD, the most popular performance metrics that
are able to reveal the convergence performance of algorithms proposed for solving MOOPs.
The results show that the CB-EFO algorithm performs significantly better on average than
other multi-objective proposals of of EFO. Then, CB-EFO has also been compared with the
well-known multi-objective algorithms in the literature, namely NSGA-II [16], SPEA2 [17],
IBEA [18], MOEAD [19], MOCell [20]. The results show that CB-EFO performs better
than its competitors in terms of HV, EPSILON, and IGD and it has shown a competitive
performance with MOEAD in terms of the SPREAD metric. Thus, CB-EFO has been intro-

duced as an alternative approach to the existing multi-objective optimization algorithms in



the literature.

To the best of our knowledge, the proposed algorithm in this study is the first model inspired
by the active/passive electrolocation and electrocommunication capabilities of electric fish in
order to solve complex problems. A recently proposed FEO algorithm [24] models capac-
itance detection, the ability of electric fish to discriminate animate objects from inanimate
objects by analyzing their capacitive and resistive properties. Individuals in FEO take into
account the attributes of objects such as capacitance, slope, and width, which are measured
through active electrolocation. Although the metaphor utilized for the creation of FEO is
interesting, there are some critical deficits in the algorithm’s design choices. The most no-
ticeable is that it possesses many parameters (more than 15), which are problem-dependent.
Thus, a small change in the parameter set may yield a high variation in its performance. The
performance validation is also quite questionable. Because it is comparatively tested on a
limited number of low-dimensional problems and only on one high-dimensional problem, a
fair comparison is missing. The proposed EFO, on the contrary, models the electric discharge
activity that changes as a response to the distance between the fish and the target object while
electrolocating. Moreover, the communication between electric fish through electric signals
is modeled in EFO as well, which is crucial for swarm-based algorithms. The proposed EFO
algorithm shows a superior performance than FEO with fewer parameters and simpler search

components, which makes EFO an easy-to-implement algorithm.

There are also a few studies that exploit the active electrolocation capability of electric fish
to design robotic sensory systems. A model mimicking the active electrolocation behavior
of weakly electric fish was developed in [25] for the navigation around a sphere of an un-
derwater robot. The model comprises a number of spherical electrodes, one of which emits
a signal and the remaining ones are the receivers. Perturbation created by the surrounding
object helps the model to estimate the position and radius of the object. In [26], the authors
examined ghost kniefish, a weakly electric fish, to develop a prototype for the purpose of de-
signing better next-generation autonomous underwater vehicles (AUV). The prototype was
inspired not only by the active electrolocation, but also by the maneuvering behavior of elec-

tric fish once they detect prey. Another study [27] developed a signal processing algorithm
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inspired by the behavior of weakly electric fish and designed an artificial sensor array that
provides electrosensory capabilities to a submarine robot. In [28], the active electrolocation
capability of electric fish was modeled to create a sensory robot. This robot continuously
processes the electrosensory data to control the position of an electric field and to localize
underwater objects. Interested readers are referred to [29] for the details of these studies.
On one hand, as stated earlier, these studies are in the field of robotic sensor technology
and were only inspired by the active electrolocation capability of electric fish. Moreover,
because the proposed design solutions rely on a single sensory agent, swarm intelligence is
not introduced in these studies [25-28]. On the other hand, the proposed EFO algorithm is
inspired by both the active and passive electrolocation of electric fish, and it provides swarm

intelligence by using communication among electric fish.



1.1. Contributions of the Thesis

The contributions of this thesis are summarized as follows:

e The proposed single-objective EFO algorithm is the first swarm-based heuristic algo-
rithm inspired by both active and passive electrolocation behaviors of electric fish to

ensure local and global search mechanisms.

e Electric organ discharge activities (frequency and amplitude) are modeled for the first
time in a swarm-based heuristic algorithm. The metaphor behind the proposed EFO
algorithm supports a well-balanced local and global search as well as an ‘explore first,

exploit later’ approach.

e The proposed single-objective EFO algorithm has been extended in order to solve
MOOPs which could have various conflicting objectives. Hence a multi-objective EFO
algorithm has been introduced in this thesis. To the best of our knowledge, this is the
first study that proposes an multi-objective optimization algorithm based on electrich

fish behaviours.

e The performance of single- and multi-objective EFO algorithm have been extensively
explored on various problems in this study. Single-objective EFO is shown to per-
form considerably better than the well-known approaches in the literature, which are
used for comparison in this study, on a variety of problems from bound-constrained,
unconstrained clustering and classification problems to bound and design-constrained
real-world problems. Multi-objective EFO has also shown a superior optimization
performance than the most popular multi-objective optimization algorithms in the lit-

erature.

e The proposed EFO algorithm has only two parameters that need to be tuned, as op-
posed to FEO, which makes the proposed algorithm much easier to use. In addition,
it is shown in the experiments that the parameters of EFO do not have a dramatic ef-
fect on the performance of the algorithm, which makes EFO a robust algorithm. The
proposed algorithm is shared with the community in [31].
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1.2. Organization of the Thesis

The organization of this thesis is as follows:

Chapter 2. reviews single-objection and multi-objective optimization algorithms in the lit-
erature. Especially, the ones used for comparison in the experiments are given in details in
this section. For the sake of a better readability, these algorithms have been independently
explained under a clear-cut taxonomy. Moreover, the ‘popularity’ of the reviewed single- and
multi-objective algorithms has been examined in this section to reveal how well they have

been adopted in the literature.

Chapter 3. comprehensively introduces electric fish and their behaviors and characteristics in
nature. The metaphors used in the formation of the EFO algorithm have also been discussed
in this section. Then, the single-objective EFO algorithm has also been described in details
this section. The time complexity of single-objective EFO algorithm with its best and worst
case performance has been mathematically given in this section to reveal its efficacy. The
search strategy of single-objective EFO algorithm has also been demonstrated in this section
on a two-dimensional exemplar problem to reveal the effect of each search component of
single-objective EFO algorithm. In addition, a comparison of the search strategies that are
employed by single-objective EFO algorithm and the well-known heuristic algorithms has

been given in this section.

Chapter 4. first presents the competitor heuristic algorithms that have been employed in
the experiment. It then explains parameter tuning strategy used to obtain optimal param-
eter values of both proposed single-objective EFO algorithms and the competitor heuristic
algorithms. The performance evaluation of single-objective EFO algorithm has been com-
paratively evaluated on a variety of problems: i) bound-constrained mathematical bench-
mark problems, ii) unconstrained clustering and classification problems, and iii) bound- and

design-constrained problems.



Chapter 5. first introduces the concept of MOOPs, gives some definitions that are used by
this problem domain, explains a categorization of MOOPs. The adaptations of the single-
objective EFO algorithm for solving MOOPs have also been explained in this section. The
search procedures used in the proposed multi-objective PD-EFO, NS-EFO, and CB-EFO

algorithm have been explained in detail in this section.

Chapter 6. introduces the performance metrics and the characteristics of the problems that are
used in performance assessment of proposed multi-objective algorithms. The experimental
results of the multi-objective PD-EFO, NS-EFO, and CB-EFO algorithms have compara-
tively been given in this section. In addition, the best-performing multi-objective EFO algo-
rithm (CB-EFO) has also evaluated through a comparison with the well-known approaches

and the results obtained from this evaluation have also been discussed in this section.

Chapter 7. concludes the thesis. The benefits and downsides of the proposed EFO algorithms

have been listed in this section.
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2. RELATED WORK

Today, the increasing complexity of computation for solving real life problems, the chal-
lenges in processing large amount of data, and the dynamicity of problems having multiple
nonlinear constraints make traditional optimization algorithms insufficient. That’s why, a
great deal of nature-inspired algorithms have emerged in order to solve complex optimization
problems in science and engineering. The success of these algorithms in solving complex
problems within an acceptable period of time has made them very attractive for researchers
in recent years. Therefore, nature-inspired algorithms mimicking the physical, chemical, or
biological laws in the nature or inspiring from the intelligent behavior of groups of animals
such as birds, insects, and the like have been attracking researchers for a long time. Hence a

great deal of nature-inspired heuristic algorithms have been proposed.

Nature-inspired algorithms have mainly been proposed in order to solve SOOPs and often
been expanded for solving complex MOOPs. Single-objective heuristic algorithms can be
classified in many ways in the literature, but it is the number of solutions employed that
makes heuristics fundamentally distinctive in the literature [32, 33]. Based on this criterion,
they are classified as single-solution-based and population-based heuristics. Population-
based heuristics are further classified into evolutionary-based and swarm-based heuristics
based on the mechanisms they are inspired from nature. Similarly, multi-objective heuris-
tic algorithms are often categorised as evolutionary- and swarm-based multi-objective al-
gorithms in the literature. In this thesis study, the most popular single- and multi-objective
nature-inspired heuristic algorithms as well as their recent advancements have been reviewed

according to this categorization as demonstrated in Figure 2.1..

In addition to the development of a new heuristic algorithm, there are many studies in the
literature that apply such algorithms in order to solve different types of real-life problems
and, that aim to enhance the performance of these algorithms. In order to reveal the impact
of these studies in the literature, the number of scientific studies on nature-inspired algo-

rithms and their applications, that are published as an article paper, a conference paper, or a
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Figure 2.1. Classification of nature-inspired heuristic algorithms.

book chapter is explored. In order to achieve that, research studies on this research area are

retrieved from Scopus, which is one of the most popular abstract and citation databases.

2.1. Single-objective Optimization Methods

2.1.1. Single solution-based heuristic algorithms

Single-solution-based heuristics search with a single agent and continue searching in a se-
quential manner. RS [34], PS [35], TS [36], ILS [37], VNS [38], SA [39], and VS [40] are
well-known single solution based heuristic algorithms in the literature. These algorithms are

explained briefly in this section.

RS [34] is a straightforward heuristic algorithm that relies on a simple random search strat-
egy. The solution vector in RS is created in a random manner at the initialization phase.
Then, a new position of the solution vector is generated within the given radius at every it-
eration and is accepted in case a better position in the search space is found. Therefore, the

algorithm could get trapped in a local optimum, which is the main drawback of this approach.

PS [35] algorithm starts with an initial solution vector. However, differently from RS, the
PS algorithm relies on a strategy called exploratory move in order to escape from a local
optimum by using a pattern matrix defining the range of the search at each iteration. The
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pattern matrix uses a scalar parameter that determines the step size. At each iteration, the
solution vector is moved through a step size by an exploratory move and the better state is
chosen; otherwise, the step size is decreased for the next iterations. PS continues to search

until the step size is small enough.

TS [36] algorithm uses a different approach to prevent premature convergence problem or not
to miss the global optimum. It employs a short-term memory in order to store recently visited
part of search space. Hence the algorithm promotes to explore new regions in next iterations
by using this memory. TS generates a number of neighbor solution vectors from an initial
vector by using local or neighborhood search operator to move a solution to another solution,
then keeps only the best neighbor to further exploit its neighborhood in next iterations until

the termination criterion is met.

ILS [37] uses first perturbation on the solution vector to avoid from getting stuck in local
optimum and to discover new regions in the search space, then employs local search to
exploit the very vicinity of the perturbed vector. This approach ensures ILS to have a well-
balanced exploration and exploitation capability. However, the degree of perturbation should
be fine tuned. Because, the algorithm behaves like a random search as the magnitude of
perturbation increases and, otherwise it behaves like a local search algorithm, which could

trap in a local minimum.

VNS [38] algorithm employs a nested neighborhood generation approach in order to search
the very distant parts of the search space, which allows the algorithm to perform a better
exploration. So the kth neighbor of the solution vector is recursively derived from the k& — 1th
neighbour. Then, a local search operator is applied on each generated neighbor in order to

perform exploitation.

SA [39] algorithm is inspired by the annealing process of glass or metal materials. Contrary
to other single solution-based approaches, SA occasionally could accept a worse solution
than the current solution based on the idea that the current solution could be a local optimum.
Hence by selecting a worse solution than the current one, it allows to further explore the

search space. To do that, it employs a scalar parameter called temperature which is initially
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Figure 2.2. Total number of scientific publications on single solution-based heuristics.

set to a higher value and lowered through a cooling function throughout iterations. The higher
the temperature is, the more likely SA to accept the recently generated solution even it is a
worse solution than the current solution. So, the proposed scheme in SA ensures ‘explore

first, exploit later* approach.

VS [40] is a recently proposed single solution-based algorithm. It is inspired by the vortex
pattern in nature. VS starts with a solution vector that is randomly created and generates
a number of candidate solution vectors around the initial solution within the search space.
Among them the best neighbor is then chosen to be exploited in the next iterations. The
radius of the search space is shrunk through a incomplete gamma function as the iteration
proceeds. The incomplete gamma function is a type of special functions mostly used in
probability theory particularly [41]. The main drawback of VS is that it could prematurely

converge in case a chosen solution is somewhere in the vicinity of a local minimum.

The total number of scientific studies based on single solution-based approaches is given in
Figure 2.2.. The number of recent studies which are published in the last six years is given as
a heat map chart in Figure 2.3.. These figures show that SA and TS are the most employed
algorithms, whereas RS, PS, and VS have been employed in a limited way so far. However,
it is worth mentioning that VS is the most recent approach and, albeit slowly, it’s popularity

has been increasing year by year.
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Figure 2.3. Analysis of recent scientific publications on single solution-based heuristics.

2.1.2. Population-based heuristic algorithms

Population-based heuristics employ multiple agents to explore the search space. They are ba-
sically studied under two major groups: Evolutionary-based algorithms and swarm intelligence-

based, or swarm-based, algorithms.

2.1.2.1. Evolutionary-based heuristic algorithms

Evolutionary-based algorithms are inspired by the natural selection phenomenon in natural
evolution. GA [42], GP [43], ES [44], DE [45], EP [46], and BSA [47] are examples of
the most popular evolutionary-based algorithms inspired by the notion of survival of the
fittest. They are mainly differentiated from each other in the representation of individuals
in a population, which are candidate solutions evolved for solving a problem. Even if they
rely on similar generic operators which are basically crossover, mutation, and reproduction
during a search, they also differ from each other in their way to apply the generic operators

to individuals.

GA [42] and GP [43] are the most popular evolutionary-based algorithms. In GA, indi-
viduals of the population called chromosomes are represented using a string (usually string
of bits). On the other hand, individuals are represented as trees in GP. GA/GP evolves a
set of offspring from parent individuals selected from the current population. These parent
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individuals are selected based on their fitness values through different selection strategies
such as roulette-wheel, rank-based, tournament selection. Fitness value of an individual in-
dicates how well this individual solves the problem at hand. Then, genetic operators such as
crossover, mutation, reproduction are applied to these parent individuals in order to generate
new individuals. Crossover operator is often applied by exchanging sub-parts of two strings
(or the subtrees of individuals in GP). Mutation operator generally exchanges a part of the
randomly selected individual with a randomly generated substring (GA) or subtree (GP),
hence provides the diversity in a population. Since the population size is usually constant, so
the individuals who will survive in the next generation need to be selected based on replace-
ment mechanisms such as steady-state or simple approaches. The same process is repeated

until the termination criterion is satistified.

ES [44] is another evolutionary-based algorithm. There have been several variants of ES in
the literature, which show differences usually in the number of selected parents and evolved
offspring. The ES algorithm is names with the notation of (u/p + \)-ES, which states that
p | p < p parent individuals are selected from the y-sized population and A offspring in-
dividuals are evolved. While (1/1 + 1)-ES is the base strategy of ES where only one par-
ent individual is chosen to evolve only one offspring; (u/p + 1)-ES is the most popular
multi-membered evolution variant of ES where p parent individuals are chosen to evolve one

offspring.

DE [45] also employs generic operators in order to evolve new candidate individuals. How-
ever, unlike GA and GP, it firstly applies mutation operator in order to generate new solutions.
In other words, mutation is the main search operator in DE. In mutation, three different in-
dividuals are randomly chosen and a new solution vector is constructed through a scaling
factor. The crossover operator is applied to those individuals. Since all individuals in the
population have the equal chance of being selected as a parent individual in DE, it often

performs a better global search than other evolutionary-based algorithms.

Similar to DE, EP [46] also applies mutation operator to all individuals. As a result of the

application of this operator, the population size is doubled. Again, replacement strategies
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are applied to preserve the population size at each generation. Here, EP propose a novel
replacement strategy that is completely different from other evolutionary-based algorithms.
In this strategy, a rank value of every individual is calculated by comparing that individ-
ual with a randomly chosen individual from the population, instead of using all individuals.
Then, the best individuals who have the highest rank values are preserved in the new popu-
lation. Hence, depending on the randomly chosen individuals, EP does not always ensure all
the fittest individuals to survive in the next generations, which increases the diversity in the

population.

BSA [47] is a recently-proposed algorithm that highly differs from the other evolutionary-
based algorithms. Apart from the parent population, BSA also relies on another population
called historical population. Historical population in BSA is an auxiliary population used to
calculate the search direction at each cycle. It behaves like a memory in BSA and stores the
current population as long as a condition governed by a stochastic way is satisfied. As in DE,
BSA first applies mutation operator in order to generate offspring individuals. Here, not only
the parent population but the historical population is also taken into account. The mutated
population is then exposed to the crossover operator and the fittest individuals are taken for

the next generations through greedy selection.

The total number of scientific studies based on evolutionary-based approaches is given in
Figure 2.4.. The number of recent studies which are published in the last six years could be
further analyzed by using the heat map chart given in Figure 2.5.. These figures show that
GA 1s by far the most popular evolutionary-based method. Then, GP and DE come after GA
in terms of the number of publications. Considering the limited number of publications, BSA
can be regarded as the least popular evolutionary-based approach in the literature. However

it is not surprising, since BSA is the most recently proposed evolutionary-based algorithm

(2013).
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2.1.2.2. Swarm-based heuristic algorithms

These algorithms are inspired from collaborative intelligent behavior of swarm agents. ACO [48],
PSO [49] and ABC [50, 51] algorithms are the most popular swarm-based heuristics. There
are also other swarm-based heuristics which especially target to solve the real-valued prob-

lems. All these algorithms are explained in this section.

With their ability of discovering the shortest paths between their nests and the food sources
and their indirect communication behavior, ants are the inspiration of the ACO algorithm [48].

It was originally proposed to find the optimal paths of a given directed graph. An ant deposits
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a substance known as pheromone, which evaporates over time, on the path where it passes
through. The other ants tend to follow a path where the amount of pheromone is higher. The
other ants tend to follow paths which have higher amount of pheromone. Therefore, in time,
more pheromone is deposited on the shorter paths and remained longer, since more ants will
complete such paths in a shorter time than other paths. As the pheromone deposited on a path
remains longer, the probability of this shortest path being selected by the colony increases.

This is the basic principle on which the ACO algorithm is based.

The collective behavior of a school of fish or a flock of birds inspired the emergence of the
PSO algorithm [49]. The algorithm keeps the historical best position of every individual
called particle and the global best position of the population called swarm. Based on these
positions, the velocity of each particle is changed and then their new positions are deter-
mined. The best positions of all particles are mainly used in PSO to contribute a better the
local search. That having a straightforward structure and using only a single search operator
make PSO a very popular approach in the literature. However, the lack of a proper global

search mechanism is the main disadvantage of PSO.

ABC [50, 51] is inspired by the collective foraging behavior of honey bees. It comprises
three search phases performed by employed, onlooker, and scout bees. Employed bees are
in charge of exploiting the existing solutions called as food source in the algorithm. Then,
onlooker bees further develop the high quality ones among these solutions. The poor food
sources are abandoned and new sources are discovered by scout bees. Thus, a balanced
search is provided in ABC by employed and onlooker bees contributing to local search and

scout bees mainly contributing to global search.

The flashing light of fireflies to communicate and to attract potential prey inspired the emer-
gence of FA [52]. The algorithm makes use of the ‘attractiveness’ of the fireflies which
changes as a function of brightness of the light and the distance. Among two individuals
(fireflies in the algorithm), an individual having a higher brightness will attract the other in-
dividual. This mechanism provides local search in FA. If there is no ‘brighter’ individual,

the algorithm perform a random search. This contributes to global search in FA. FA is an
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easy-to-implement algorithm; however the distance calculation in FA in order to update the
brightness of every individual in the population increases the running time of the algorithm

considerably. That, therefore, deteriorates the computation efficacy of the algorithm.

Similar to FA, GSA [9], which is inspired from the law of gravity and mass interactions, also
employs the ‘attractiveness’ of the search agents. The quality of every search agent in GSA is
represented by its mass which determines the gravity force of the agent. So, the agents with
the heavier-masses, corresponding the good solutions, attract the other agents. The poor
agents moving faster in the search space contribute to exploration; whereas the good agents
contribute to exploitation in GSA. As in FA, GSA uses Euclidean distance calculation in
order to update the gravitational forces of individuals, which increases the time complexity

of the algorithm.

BHA [30] is also inspired from the gravitational force. The irresistible gravitational force
of the black hole was modelled in BHA. The stars represent the candidate solutions in the
algorithm and the fittest star among them represents the black hole, a collapsed form of a
massive size star. The quality of each solution is measured by its mass, as in GSA. All stars
are attracted by the black hole, and hence the positions of the stars are updated accordingly.
This ensures the exploitation in the algorithm. Any star crossing the event horizon (a poor
candidate solution), a sphere-shaped boundary of the black hole, is replaced with a new star

randomly generated in the space, which ensures the exploration in BHA.

The aggressive breeding behavior of cuckoos has inspired the CS [53] algorithm. The cuckoo
lays their eggs in other’s nest and throws the other eggs from that nest in order to increase the
hatching probability of of its eggs. The host parent either removes the alien eggs or abandon
its nest. In the algorithm, the cuckoos represent the search agents and the eggs represent the
solutions. The Lévy flight is modelled in CS for the movement of the cuckoos, and hence for
the discovery of nest. The local search is not enhanced as much as the global search, which

is highly provided by both the Lévy flight and a random generation of new eggs.

The echolocation behavior of microbats, an ability to locate objects by listening the echoes

returning from the emitted very loud sounds, was modelled in the development of BA [54].

20



The insectivorous microbats use a type of sonar called echolocation to detect prey or to avoid
obstacles. The echolocation is characterised by the frequency (pulse emission rate) and the
amplitude of microbats. The pulse emission rate and amplitude change as a function of
the distance to the target hence the former speeds up sharply as a microbat approaches to
the target and the latter reaches up the loudest level while it is searching for food. In the
algorithm, the microbats represent the search agents, which store food sources (candidate
solutions). The quality of each source is assessed through its fitness. In the case the emission
rate is high, the search agent is enforced to perform a local search in the vicinity of the best
food source, whose range is determined by the amplitude of the agent. Otherwise it performs

global search by flying randomly in the search space.

Another echolocation inspired algorithm is DOE [55] algorithm which mimics the strategy
used by dolphins for navigation and hunting. It was originally proposed to solve discrete
optimization problems and later extended in order to solve continuous problems [56]. The
dolphins (search agents) initially performs exploration in the search space, then it decreases
the degree of global search through a convergence factor in each iteration, which ensures the
local search during the last iterations. Therefore, the DOE algorithm ensures ‘explore first,
exploit later’ approach; however, it contains a number of parameters such as power, loop

number, radius that should be properly tuned.

IWO [57] mimics the aggressive reproduction behavior of vigorous weeds. Weeds in na-
ture are undesired and pose several thread for agriculture. The robustness and adaptability
to the changing environment enable weeds to occupy a territory easily in spite of the coun-
termeasures like herbicides application. The IWO algorithm starts with an initialization of
a population of seeds, which represents search agents in the algorithm. Depending on its
robustness/fitness, every seed produces a number of seeds. The spread of the produced seeds
decreases as the iteration proceeds. Hence, the distant part of every seed is explored at the
initial iterations; while their vicinity is exploited at the final iterations. Hence, IWO first

performs global search and then it performs local search.

FPA [58] is inspired from the pollination of flowering plant species. Pollination is a process
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to transfer the pollen of a flower through pollinators such as birds, insects. Pollination can be
examined under two forms: abiotic and biotic pollination. Where pollen needs pollinators to
be transferred in abiotic pollination, it does not in biotic pollination. In addition, pollination
can be achieved through both self-pollination, the pollination through the pollen of the same
flower of the same plant, and cross-pollination, the pollination through the pollen of the dif-
ferent flowers. Through pollinators, biotic and cross-pollination may occur at long distance;
that’s why it is called as global pollination. Abiotic and self-pollination, however, occur
within the short distance. In FPA where flowers represent search agents search is performed
through two processes: global and local pollination, which corresponds in the algorithm to
the exploration and exploitation, respectively. The search mode selection in an iteration is
completely probabilistic in FPA. The global pollination is done over a long range and the
search is performed between the flower itself and the best flower through pollinators. Here,
Lévy flight behavior of pollinators is used, which further contributes to the exploration. The
local pollination, however, is done in the neighborhood of a flower through a random search

between the flower itself and randomly selected one neighbor.

AAA [59] is inspired from the reproduction and adaptation behavior of algae. Algae grow
in a liquid with sufficient nutrition and light for photosynthesis. The lack or insufficient
amount of these resources causes algae to die or to adapt changing environment. Therefore,
algae are in a continuous search for the optimal environment, which shows that they often
change their locations. The algal colony represents search agents in the algorithm and their
locations represents candidate solutions for the problem at hand. Hence, the objective of
AAA is to find an environment with optimal condition with respect to the light and nutrition.
Helical movement, evolutionary process, and adaptation are the main phases proposed in
AAA. With its flagella, an algal colony swims in a helical manner until its energy finishes,
which is modelled in helical movement phase. The movement speed of an algal colony is
reversely proportional to its growth rate. The larger size a colony gets, the slower it moves
since its friction to the surface intensifies, and vice versa. This strategy enables the algorithm
to have exploitation and exploration capabilities that are performed through, respectively, the

large- (cost efficient agents) and thin-sized (not-good agents) colonies. In the evolutionary
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and the adaptation phases of AAA, an algae colony having the poor condition is adapted
itself to another algal colony having one of the most appropriate conditions by replacing one

of the randomly selected genes.

Similar to AAA, the movement behavior of superorganism such as honeybees, whales, and
etc. is the basis of the swarm-based DSA [60]. DSA is inspired by the seasonal migration
behavior of living beings to find fruitful areas throughout the year. The superorganism dis-
covers a new area, called stopover area in DSA, and settle there for a while if it is suitable
in terms of natural source and then they continue their migration from this area on. The
superorganism in DSA represents the population in which artificial-organisms represent the
search agents. The so-called stopover area of an artificial-organism, however, represents the
solution in the algorithm. The discovery of new stopover area in DSA relies on three factors:
1) current position of superorganism, ii) shuffled current position of superorganism, and iii) a
complete stochastic design phase. The former two factors evaluate the next position of each
artificial-organism while the latter one determines which of the evaluated new positions are
considered for the following generation. This stochastic design in DSA contributes mainly to
the exploration of the algorithm. Hence, exploitation is not supported as much as it is needed

in the algorithm.

The hunting and migration behavior of dragonfly is modelled in DA [61]. Dragonflies rarely
perform a swarm behavior, unless they are hunting or migrating. They build two types of
swarm: local and global swarm. In local swarming, a small group of dragonflies hunt in a
too restricted area where the target prey live. In global swarming, however, a large number
of dragonflies gathers to migrate over long distances. This swarming types form the basis of
DA’s search strategy. While the former corresponds to exploitation, the latter corresponds to
the exploration. Dragonflies represent search agents in DA, whereas their locations represent
the candidate solutions. Similar to the velocity calculation in PSO, a step size vector is used
in order to calculate the next positions of agents. The step size calculation, however, relies on
weighted five different factors that are modelled from the swarming principle of dragonflies.
These are separation, alignment, cohesion, attraction, and distraction. The former three

ones come from the flying pattern of dragonflies, whereas the latter two ones come from
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the natural behaviors that change as a response to the target (prey and enemy). Through the
modelled swarming behavior, DA ensures a well-balanced global and local search. However,
there are five parameters that determine the weight of every factor in step size vector, which

should be properly adjusted.

The natural phenomenon of lightning inspired the emergence of LSA [62]. The lightning
is a natural event that occurs when the difference between the negative charge within the
thunderstorm and the positive charge at the base of the storm becomes too large. When this
happen, downward move of projectiles such as stepped leaders space leaders and the like
starts. This movement from cloud to ground progresses through regular and discrete steps
within different channels, which was modelled in LSA. The movement velocity of every
projectile through a channel depends on its mass. The smaller a mass is, the higher potential
for a projectile to exploit the nearby space, and vice versa. Therefore, the exploitation and
exploration in LSA is controlled through the masses of the projectiles which represents the

population in the algorithm.

KHA [63] was inspired by the herding behavior of krill individuals. The krill have an ability
to form a large herd and often live within it. However, average krill density decreases when
predators like seabirds attack the krill. This also leads the krill swarm to be distant from
the locations of food. The krill are search agents while their positions represent candidate
solutions in the algorithm. The location of each krill is updated based on the Lagranian
model of krill herding. This model includes three motions: movement induced by other
krill individuals, foraging activity, and random physical diffusion. In addition to that, KHA
also applies generic operators such as crossover and mutation to further improve the search.
Adopted motions driven by Lagranian model allows the algorithm to perform a well-balanced

local and global search.

GWO algorithm [64] was inspired from the social leadership hierarchy in grey wolves and
their hunting strategies. Living in small packs, grey wolves are grouped into four different
social dominant levels (alpha, beta, gamma, and omega). The leader wolves at the most

dominant level (alpha) make almost all the decision in the pack, wolves at the second level
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(beta) are the best candidate to be leader and they assist the current leader wolves in making
decisions. Delta wolves are the employed individuals responsible for necessary tasks such
as scouting, hunting. Omega wolves are the least important individuals but they ensure the
order in a pack. The wolves represent search agents in the algorithm. Among them; the
fittest, the second fittest, and the third fittest agents are, respectively, represented by alpha,
beta, and gamma wolves, while the rest of population are represented by omega wolves. The
hunting (corresponds to a search in GWO) is guided by the fittest wolves and performed by
omega wolves. The attacking —approaching towards the target prey— behavior of grey wolves
is modelled to fulfill the exploitation, while searching —moving away from the current target—

for a better target prey is modelled to fulfill the exploration in the algorithm.

Similar to GWO, the functioning of social leadership in animals inspired the emergence of
the SMO algorithm [65]. Spider monkeys are animals that follow a very strict leadership.
They build fission-fusion swarm meaning that they split or merge their group depending on
the scarcity or abundance of the food, respectively. There are two types of leader in the
group: global and local leader. Global leader is the leader of all the groups that make the
decision to divide the groups into sub-groups. However, a local leader is only responsible for
his own sub-group and make plans for foraging. The search in SMO is initiated by a number
of spider monkeys, corresponding to the search agents in the algorithm. Then, the locations
of search agents are updated with respect to the positions of the local leader (exploration)
and the global leader (exploitation). In case where a local leader of a group is unable to
find a better food source for a long while, the positions of all the individuals in that group
is updated, which avoids premature convergence in the algorithm. Similarly, if the global
leader is unable to find a better food source, then the group is divided to further intensify the

search in parallel manner, which avoids the stagnation of the global best agent.

WOA [66] was inspired by the foraging behavior of humpback whales. The gigantic hump-
back whales live alone or in groups throughout their lives. Krill and small fish are their
primary prey. These whales use an fascinating strategy to hunt the prey: bubble-net feeding.
In this strategy, whales consecutively create distinctive bubbles along a circle to make prey

encircled within very restricted area near to the surface. The whales are the search agents and
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their positions are the solutions in the WOA algorithm. Hence the objective of the algorithm
is to find the fittest prey. The search strategy adopted in WOA is very similar to the GWO
algorithm with three sequential steps: encircling prey, attacking to the prey, and searching
for new prey. The bubble-net foraging is mimicked in the first step (encircling prey). Here,
the positions of the whales is updated such that they encircle the best prey found so far. The
attacking to the prey step allows the algorithm to further exploit by approaching the best prey.
However, the last step, allows the algorithm to explore a distinct part of the space by moving

away from the prey as proposed in GWO.

ISA [67] is a novel and an interesting heuristic method inspired by an interior design pro-
cedure. The primary goal of an interior design is to obtain a beautiful and a decorative
view satisfying the needs and resources of the clients. The interior design, according to the
authors, usually starts from the walls to the center. Designers changes the composition of
elements to have a more beautiful environment. Mirrors are one of the important elements
in interior design process. They should be placed very close to the most beautiful elements
to emphasize their beauty. The elements used in interior designing represent the search in-
dividuals and their places represent the candidate solutions. Hence, the fitness of a search
individual represent how beautiful a decorative view is obtained. ISA has only one parameter
which balances the exploration and exploitation. Depending on the value of this parameter,
ISA randomly divides the population into the two groups (excluding the fittest element):
composition and mirror. The individuals in the composition group updates their places in a
random manner within the space bounded by the current places of all elements. This adop-
tion provides global search ability to the algorithm. On the other hand, the individiuals in the
mirror group are placed between any element and the fittest element and so they perform a
search near to the fittest element, which ensures the local search ability in the algorithm. The
fittest element in the population performs a random walk around of itself, which increases

exploitation ability as well.

TCA [68] is another heuristic algorithm with multi-group population. TCA was inspired

by a central role of T-cells in the cell-mediated immunity. T-Cells belong to the group of
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white blood cells playing a central role in the cell-mediated therapy. Based on their devel-
opment stages, T-Cells are divided into three groups: virgin-cell, effector-cell, and memory-
cell. While virgin-cells do not suffer from pollination or differentiation, effector-cells are
the cells that are activated by differentiation. They go through activation by antigens, which
hence replicates the cells themselves. Memory-cells also respond through differentiation like
effector-cells but they persist into the host even after the infection is overtaken so that they
are stimulated by the same antigens. There are three populations corresponding to these
group of T-Cells which represent the search agents in the algorithm. TCA starts with only
virgin-cell population and it becomes the effector-cell population. The agents in effector-cell
population then undergoes mutation operation. The best agents in effector-cell population are
inserted into the memory-cell population where another mutation operation is also applied.
While the effector-cell population enables the algorithm to ensure diversity, the memory-cell
population ensures exploitation by enabling the algorithm to search neighborhood of best

agents.

CSA [69] was inspired by the intelligent foraging behavior of crows. The form of the flock,
the memorization of the position of their hiding places, the thievery, and the protection of
their caches are the most intelligent behaviors of crows that are modeled in the algorithm.
The crows are the search agents and their locations are the candidate solutions in CSA.
Algorithm starts with a generation of a number of crows. As similar to PSO, each crow
holds its location and the position of the hiding place, which represents the best location that
the crow has obtained in CSA. The position of a crow is based on the fooling behavior of
them in nature and is updated based on two scenarios: 1) it approaches to another crow’s
hiding place or ii) it performs a search in another location. While the former model increases
the exploitation, the latter model increases the exploration in CSA. CSA is easy to implement
with only two search operators. However, there are two control parameters that should be

fine tuned, since they directly affect the balance between exploration and exploitation.

BFO algorithm [70, 71] was inspired by the foraging behavior of bacteria (E. Coli). Their
ability to move to regions with high nutrient levels and to communicate with each other

form the basis of the algorithm. Bacteria (search individuals in the algorithm) are initially
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positioned in the search space in a random manner. In order to update the position of ev-
ery bacteria, BFO uses three nested processes that are applied separately at every iteration:
elimination-dispersal, reproduction, and chemotaxis. Even if these search processes enable
BFO to successfully converge, they highly increase the computational cost of the algorithm.
In addition to that, BFO involves a sorting algorithm in order to sort the population at each

generation.

TLBO algorithm [72] was inspired by a mathematical model on presenting the effect of
teachers on learning of students. The effect of teachers who are regarded as well-educated
people is often measured by the grades of students. The main goal of teachers to increase
the knowledge level of whole class, which causes higher student grades eventually. While
learners represent the population where their grades are measured through the fitness func-
tion, teacher represents the best solution in TLBO. There are two successive steps in each
iteration of the algorithm: teacher phase and learner phase. While the teacher phase refers
to learning from the teacher, the learner phase refers to learning as a result of interaction be-
tween learners. In the teacher phase, the search is performed between a learner and a teacher,
while in the learner phase, it is performed between two randomly chosen learners. So, the
exploitation of the best solution and the exploration of the search space are ensured in the

teacher and learner phases, respectively.

STA [73] is another swarm-based algorithm which was inspired by the concept of state tran-
sition and state space representation in control theory. In STA, every solution is regarded
as a state and the update of the current solution is treated as a state transition. Only the
best solution in the algorithm is subjected to three consecutive transformation operators at
every iteration: rotation, expansion, and axesion. The rotation operator enables a solution
in STA to perform a local search through generating a new solution within its hypersphere.
The expansion operator enables to perform a global search by expanding the search range.
The axesion operator, however, allows STA to perform a single-dimensional search, which

strengthens both global and local searches.

The total number of scientific researches proposed on the swarm-based approaches has been
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Figure 2.6. Total number of scientific publications on swarm-based heuristics.

given in Figure 2.6.. The distribution of publications in this area outcomed within the last
six years is demonstrated in Figure 2.7.. It is worth mentioning here that only swarm-based
approaches having the highest publication counts have been included into the figures for the
sake of better readability. The findings in these figures show that most of the publications
in the literature use PSO algorithm, then followed by ACO and ABC algorithms in order
to develop or to apply to solve a problem. Among them, ABC is a recently proposed algo-
rithm, which indicates that it has been well adopted in the literature. Their easy-to-implement
structure and gaining a satisfying performance on solving problems are the main aspects that
make these algorithms very popular in the literature. In addition, there are several publica-
tions made on FA and GSA that rely on a high-computational distance measurement, which
shows that 7) computationally expensive algorithms have much more been studied to make
them efficient or that i7) researchers can often sacrifice the efficiency of the employed algo-

rithm on solving a problem.

The distribution of application areas of single solution-, evolution- and swarm-based algo-
rithms are given in separate pie charts in Figure 2.8.. These charts clearly show that com-
puter science, engineering, and mathematics are the dominant subject areas comprising a

very large portion of all areas for all types of heuristic algorithms.
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In addition to the base population-based optimization algorithms, modification of these algo-
rithms and combining different algorithms in hybrid methods have also been proposed in the
literature in an attempt to further improve the performance of population-based heuristics.
Although there have been numerous advancements on the several base algorithms, only few
of these studies that were built on the most popular population-based GA, DE, ES, PSO, and

ABC algorithms has been explained in this thesis.

The stagnation and slow convergence problems arisen in PSO were handled by integrating
it with DE in PSO-DE [74]. The particles in PSO prematurely terminate exploration and
stagnate in the rest of the search process especially when they gather to the same local min-
imum. In order to avoid that, PSO-DE enables PSO to evolve new particles using only half
of the population involving the poor particles and then employs DE to generate three off-
springs from the historical bests of these particles. Another modification that improves the
search performance of PSO and that prevents the premature convergence problem of PSO is
proposed in QPSO algorithm [75] algorithm by employing mutation operator with Gaussian

probability distribution.

A binary-coded PSO is proposed in [76] for dealing directly with the problems that have

real, integer, and discrete variables. The only modification is carried out in the velocity and

position update mechanisms of the standard real-coded PSO. While continuous variables are

still handled by the standard real-coded PSO, discrete and integer variables are updated by
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the operators proposed by binary-coded PSO. Therefore, while real variables are represented
by a single dimension, every integer and discrete variable are represented by an array of
bits that are calculated from the upper limit, which incredibly increases the total number of

parameters to be optimized and hence the complexity of the problem.

DE has also been modified to achieve a better optimization performance in various studies.
In [77], it has been subjected to a simple modification to generate more than one offspring per
parent so that the probability of obtaining better solution is increased; however it leads the
proposed algorithm to have an additional parameter that needs to be prior set. The exploration
and exploitation capability and the convergence rate of DE have been enhanced in NDE [78]
through a new mutation scheme, called triangular mutation rule. In contrast to the standard
DE, where only random or best vectors are included into the mutation operator, the proposed
scheme relies on a combination of a random vector and a difference vector between the best,

better, and worst vectors.

Another modification to DE has been introduced for constrained optimization problems in
DSS-MDE [79]. DSS-MDE adopts a dynamic stochastic ranking scheme in order to keep
promising infeasible solutions that are often discarded during the selection procedures. Al-
though the proposed scheme ensures a fine search balance between feasible and infeasible

regions, it brings about an additional computational complexity to the algorithm.

The time consuming and problem-dependant schemes in DE for determining the search pa-
rameters such as scale factor, crossover rate were made adaptive in Self-adaptive Differential
Evolution (jJDE) [80]. Differently from to the basic DE algorithm, every individual in jDE
carries a different scale factor and crossover rate that are calculated depending on how well
the individual has converged. However, the proposed dynamic scheme in jDE has extra two
parameters used to update the search parameters between generations, even if the empirical
findings from a limited number of problems shows that these search parameters are less-

sensitive to different problems [80].

Adaptive Differential Evolution (JADE) [81] has also addressed the premature convergence

problem in DE by increasing the diversity of the population. Since only the best individuals
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are chosen before the application of the mutation operator to evolve new offspring individ-
uals, the premature convergence problem occurs in DE. In order to avoid that the use of an
external archive that comprises of the only inferior individuals is proposed in JADE. During
the evolution of a new individual in JADE, a fittest parent individual as well as an individual
randomly chosen from the archive is taken into account. In addition to that, crossover rate
and scaling factor is also updated among generations in order to further ensure an adaptive

convergence speed and a better optimization performance.

In SADE [82], a well-balanced search strategy was applied to ensure a good diversity and
convergence in DE. It makes use of two search operators; while the first operator is applied on
the selection of best individuals, the second is applied on the random selection of individuals.
Every individual in SADE probabilistically chooses one of the search operators then evolves
an offspring accordingly. Scaling factor and crossover rate were also enforced to be updated

as in [80, 81].

The performance of ES has been improved in [83] by introducing three simple selection
mechanisms in order to maintain a higher diversity. Even though the proposed approach
does not introduce new parameters and yields low computational cost, its weak local search
pointed out by the authors needs to be further improved. In [84], an evolutionary-based
algorithm (RAER) with a novel roulette inversion operator has been proposed in order to
maintain a diverse population. The main goal of the roulette inversion operator is to enable

RAER to explore every search dimension evenly.

In [85, 86], GA has been hybridized with artificial immune system to help the population
move into the feasible region. Chromosomes are classified as antigens and antibodies de-
pending on the feasibility. Afterwards, they are subjected to a series of operators such as
tournament selection, mutation, crossover, and the like. The higher computational complex-

ity of the proposed hybrid method is stressed as the obvious drawback of the approach.

In [87], CS algorithm [53] was hybridized with GA through its the generic operators in order
to improve poor balance between global and local search capability of CS. Crossover in GA

and the Lévy flight in CS contribute the algorithm by performing a further diversified global
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search in the space and reducing the premature convergence problem in CS. Mutation allows

a better local search through a moderate change on individuals.

The improved version of FOA [88], which relies on the excellent behavior of olfaction and
vision of the fruit fly while foraging, has been proposed in order to address the problems of
premature convergence and poor quality of solutions in the standard FOA algorithm [89].
In the proposed algorithm, linear diminishing and logistic chaotic mapping are employed in
order to avoid becoming trapped in a local optima and to increase stability of FOA, respec-

tively.

To sum up, numerous algorithms and their improvements have been introduced in the liter-
ature. Nevertheless, the research area is still open for further improvements. Some of the

following remarks may identify the potential areas in the future:

e Parallelization of heuristics: While some of the popular heuristic algorithms like GA,
ACO, ABC, PSO are already implemented to solve the problems in parallel and dis-
tributed to reduce the computational time remarkably or to store all needed data in the
memory efficiently, it is yet remains as an open research topic for recently proposed

heuristic algorithms such as KHA, AAA and the like.

e Focusing on the nascent heuristics: As seen from the Figure 2.2., Figure 2.4., and
Figure 2.6.; the distribution of the studies on the heuristic algorithms is too skewed.
To be concrete, more than 90% of the studies are based on SA, TS for single-solution
approaches, more than 97% of the studies have been conducted on GA, DE, and GP
for evolutionary-based algorithm, and more than 80% of the studies are the extensions
of ACO, ABC, and PSO. However, there are numerous heuristic algorithms other than
the most popular ones such as TCA, AAA, DOE and the like that have been proposed
in the literature and each of them has proven to show a very promising performance on
different problem types. The so-called algorithms are also waiting for the researchers
attention to be applied on different combinatorial problems or to be further strength-

ened for a better search performance.
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e More intelligent, self-adaptive heuristic: It is easy to conclude from the reviewed
heuristics here that parameter tuning is one of the drawbacks for a heuristic algorithm.
One reason is that algorithm-related parameters, e.g. the limit parameter in ABC, may
lead the algorithms to work in a biased manner once they are not well-tuned. Another
reason is that, the parameter set of the algorithms changes according to the problem’s
characteristic. Therefore, it is crucial for an algorithm to find its optimal parameter
values for the problems. Considering the time-consuming process of parameter tun-
ing, implementing the heuristic algorithms to be smart enough to tune their parameters

has become a necessity for the future works.

e Adoption to deep learning research: With the increase in the amount of the data and
easy ability to access fast and efficient computing terminals has enabled the Al com-
munity to train very large neural networks. Therefore, the concept of ‘deep learning’
has recently welcomed in the literature as a “superpower” that builds different Al sys-
tems. Being a powerful deep learning technique, CNN is often applied for computer
vision applications in deep learning research. Although there are some recent works
built on heuristic algorithms used to obtain optimal CNN architecture [90], or to op-
timize the hyper-parameters (like kernel size, pooling window size) [91], the applica-
tion of heuristic in the research area of deep learning is still immature. The promising
performance of heuristic algorithms on traditional machine learning techniques may
be motivation for Al research community to apply them to the unconventional deep

learning techniques.

2.2. Multi-objective Optimization Methods

The complex nature of search space of some objectives in MOOPs such as non-differentiability,
discontinuity makes traditional mathematical-based techniques impossible or at least inef-
fective to apply. That’s why, researchers have proposed many population-based heuristic
optimization methods, which are not dependent on the complexity of the search space. Such
methods target to find as many non-dominated solutions as possible. The following section
summarizes the well-known studies in this research area.
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2.2.1. Evolutionary-based multi-objective heuristic algorithms

The first use of heuristic algorithms for solving MOOPs dates back to the introduction of
the VEGA [92] into the literature. VEGA decomposes a problem with n objectives into n
sub-problems and splits population into n sub-population. Hence, each decomposed sub-
problem is addressed only by the corresponding sub-population. The most drawback of
VEGA is that it leads the entire population to converge to only one optimum due to using
a selection mechanism that often relies on the best solutions. The lack of proper selection

scheme in VEGA led the emergence of the Pareto concept [93].

MOEAD [19] is another method that decomposes the problem into smaller sub-problems.
The main goal is to minimize the maximum margin between each objective and its corre-
sponding reference value that is equal to the worst objective. Contrary to VEGA, it uses
Pareto optimal solutions in order to ensure diversity of solutions and maintains them in a
memory. The main drawback, however, is that its performance is directly proportional to the

decomposition method employed.

Contrary to the approaches above, IBEA [18] handles a MOOP as a whole. However, it does
not consider the objectives, but a particular performance metric obtained from the objectives
such as HV, EPSILON, and aims to increase the quality of solutions with respect to the
chosen metric. While parent and offspring individuals build the next population, the poor
solutions with regard to this metric is eliminated to maintain the size of the population.
However, the use of a single metric could lead to a poor performance with respect to other

metrics.

Similar to IBEA, SPEA-2 [17], efficiency-aware extension of SPEA [94], does not make
directly use of the approximated Pareto front set for fitness evaluation either, but uses a
fitness value calculated from the Pareto domination count of a solution and its distance to
other solutions. One of the main concerns about SPEA-2 is that these two criteria used for

fitness evaluation are treated equally, which enables solutions that are completely dominated
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but farthest away from others to be kept in the population. The other concern is about the

increased complexity that is risen from the distance calculation of solutions.

NSGA-II [16] is the most salient Pareto-based algorithm in the literature. It is based on
the Pareto dominance and distances of solutions in the objective space. Depending on the
Pareto domination, NSGA-II splits the population into several fronts in which distance, called
crowding distance, is calculated. Differently from SPEA-2, non-dominated solutions that are
in better fronts are allowed in NSGA-II to survive. If the size of the next front exceeds the
size of the population, the distance plays a key role in determining individuals to remain in

the population.

MOC:ell [20] is similar to NSGA-II in the selection of solutions to survive for the next gener-
ations. The basic generic operators of GA are applied in MOCell to breed offspring consider-
ing only the individuals in the close neighborhood which is determined through a cellular-like

topology.

The total number of scientific studies on the multi-objective evolutionary-based approaches
is demonstrated in Figure 2.9.. The distribution of recent studies on the area is also given as a
heat map chart in Figure 2.10.. The figures show that NSGA-II is the most adapted algorithm
in the literature by far. The main reason behind this popularity is crowding distance, the
measurement strategy of NSGA-II, which is highly efficient with respect to time complexity.
MOEA/D is another multi-objective heuristic algorithm that has gained a higher popularity

although it is proposed recently compared to the other algorithms.

2.2.2. Swarm-based multi-objective heuristic algorithms

In addition to the well-known evolutionary-based algorithms, swarm-based heuristics have
also been proposed in order to solve MOOPs. Such heuristics are generally proposed for
solving SOOPs, then their extensions are introduced for MOOPs. As stated earlier, PSO [95]
and ABC [96] are the most popular algorithms. Therefore they mostly have been adapted for
solving MOOPs.
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Figure 2.10. Analysis of recent scientific publications on multi-objective evolutionary-methods.

The initial attempt made on PSO to deal with MOOPs is MOPSO [97]. MOPSO is proposed
as a Pareto-based approach and it makes a slight modification on the search operators in the
single-objective PSO algorithm. It uses an external archive (called repository) to store non-
dominated solutions. These solutions are used for calculation of particles’ velocity. MOPSO
is extended in (E-MOPSO) [98] to also handle with the constrained MOOPs and to further
improve the exploration capability of original MOPSO. The introduced constraint handling
mechanism in the E-MOPSO works as follows: among the two solutions; i) the dominated
one is simply selected if two solutions are feasible, ii) the feasible one is selected if only the

other is infeasible, iii) the solution having the least constraint violation is selected without
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considering their dominance if both solutions are infeasible. The mutation operator in E-
MOPSO, however, is very straightforward and it randomly chooses one parameter to mutate
then allows a particle to search in a single dimension by shrinking the search range through

an iteration-dependant formula.

Another PSO-based multi-objective optimization algorithm is Pareto-based OMOPSO [99].
OMOPSO considers the Pareto-dominance and crowding factor of particles in order to select
them as leaders in an introduced external archive, which avoids a quick increase in the size
of leader set. In addition, similar to E-MOPSO, OMOPSO employs mutation to increase
the ability of global search in the algorithm. There are two mutation types introduced in
OMOPSO: uniform and non-uniform representing, respectively, that keeps the variability
range of a constant and decreases it over time. OMOPSO divides the population into three
sub-populations of the same size to implement the mutation. While a sub-population is not
exposed to mutation, the remaining two sub-populations are exposed to uniform and non-

uniform mutations.

TV-MOPSO was introduced in [100]. Similar to OMOPSO, TV-MOPSO employs a strategy
that relies on a crowding distance measurement made on the particles in the external archive
in order to select the best particle found so far. In addition to that, the inertia weight and
coefficient factors proposed in the standard PSO algorithm were modified to better balance
global and local search. To achieve that, a time-dependant scheme was applied on these

parameters. Finally, a new mutation strategy was also adopted in TV-MOPSO.

SMPSO [101] is an extension of OMOPSO. While the Pareto-based SMPSO has the same
framework as OMOPSO, it modified the velocity calculation formula introduced in single-
objective PSO. The motivation here is to avoid particles to have extreme velocities, since
higher/extreme velocities leads particles to position at the limits of the sarch space, which
does not contribute to the search. To do that, SMPSO adopts constriction coefficient, origi-
nally proposed in [102], and velocity constriction. The effect of restriction in the velocity is

validated through the experiments.
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Another PSO-based approach that relies also on constriction coefficient is MAPSO [103].
Using the standard search operations in single-objective PSO, MAPSO integrates the concept
of Multiagent Systems (MAS), which represents a system where the agents interact and work
together to achieve goals, and the PSO algorithm. MAPSO first maps the search space to a
lattice- or cellular-like structure. Every agent in MAPSO, which represents a particle in PSO,
is located fixed on a lattice point and competes with its neighbors, the agents at the north,
south, west, and east lattice points. After competition, an agent can survive if it Pareto-
dominates its neighbors; otherwise it is replaced with a new agent created with respect to the

winner neighbor.

MPSO/D [104] is a multi-objective optimization algorithm which first decomposes the space
into sub-regions as done similarly in DN-PSO. MPSO/D initially assigns each particle to a
sub-region through the following proposed strategy: i) a particle closest to the center of a
sub-region is selected if there is no particle in this sub-region, ii) a non-dominated particle is
selected in case where two or more particles are in a sub-region (the closeness to the center
of the region is considered in case where two or more non-dominated particles exist). After
assignment of the particles to the sub-regions, MPSO/D employs a crossover operator to

update the positions of the particles.

VEPSO [105] is inspired by the VEGA algorithm. Therefore, it performs the search with
multiple swarm populations. As in VEGA, each swarm population in VEPSO is responsible
for solving a different objective of the problem and evaluated by a single objective. The
search operators introduced in single-objective PSO are separately applied for every swarm
population. Interaction between swarm populations was also incorporated in VEPSO through

exchanging the best experiences so that a generic model is generated for all the objectives.

DN-PSO [106] is another PSO-based multi objective optimization algorithm. Similar to
VEPSO, DN-PSO also deals with objectives separately. However, the swarm population is
not split into sub-populations in DN-PSO; instead, the whole population is responsible for

handling the MOOPs in a way that every objective is dealt with sequentially. In addition to
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that, a new dynamic neighborhood strategy was proposed in DN-PSO. Calculating the his-
torical best positions of particles, this strategy attempts to find Pareto-dominant solutions as
much as possible. DN-PSO was then extended in [107] to reduce the computational com-
plexity of DN-PSO and to save the non-dominated solutions in a memory by introducing the

external archive to the algorithm.

S-PSO was proposed in [108]. It introduced a generalized sigma method for any archive-
based multi-objective PSO. Main purpose of S-PSO is to efficiently discover a global best
particle (as a guide for local search) from the archive separately for each of the current
particles. To do that, by considering its positions in the objective space, a sigma value is
calculated and assigned to every particle both in the current population and in the archive.
Each particle in the population then selects its ‘leader’ particle depending on the closeness
of the sigma value which represent how close a particle to the selected archive member in
the objective space. The efficient closeness calculation through the sigma method ensures
an admissible computational cost. So, the proposed sigma method can also be adapted to
an algorithm that relies on the neighborhood measurement such as DN-PSO for the sake of

better computational cost.

The first extension effort on the ABC algorithm for solving MOOPs was made in VE-
ABC [109], which is inspired by the VEGA [92] and VEPSO [105] algorithms. VEABC
also splits the whole population into sub-populations which are responsible to handle a dif-
ferent objective of the problem. The update of the position of artificial bees in VEABC
depends on the the previous positions of them and their communication between the sub-
populations, which ensures an achievement of a generalized solution for all the objectives of

the problem.

MOABC [110, 111] is another ABC-based multi-objective optimization algorithm. The

search framework of single-objective ABC was generally preserved in MOABC except the
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fitness proportionate selection scheme that is used by onlooker bees. So, the single-objective-
based selection that is used in basic ABC algorithm was replaced with a Pareto-dominance-
based selection approach in MOABC. In addition to that, an external archive was also pro-
posed in MOABC to save the Pareto-dominant solutions in the memory. e-dominance method
proposed in [112] is used in maintenance of solutions in archive. MOABC decomposes ob-
jective space into the e-sized boxes. Second, the dominated boxes, and hence dominated
solution(s) in those boxes, are eliminated. Then, boxes are re-formed such that every box has
no more than one non-dominated solution. In the case that two or more solutions are in the
same box, a solution closer to the left corner of the box remains in the box while others are

removed from the box. This method ensures that the remaining solutions are non-dominated.

A-MOABC/PD, A-MOABC/NS, and S-MOABC/NS were proposed as three different im-
plementations of single-objective ABC in [113] to extend the standard algorithm to handle
MOOPs. As in MOABC, the search framework employed in all variants here is the same
as the standard ABC algorithm.However, they differs from both each other and the standard
ABC algorithm in some search steps. In A-MOABC/PD, Pareto-dominance based fitness
assignment strategy which includes the Pareto rank, crowding distance, and the like was

employed.

Every time after a new source is found by an artificial bee, the Pareto-dominance-based
greedy selection is applied. That’s why this variant is regarded as ‘asynchronous’. In A-
MOABC/NS, however, applies the standard fitness assignment strategy which requires a
straightforward objective evaluation. As opposed to A-MOABC/PD, A-MOABC/NS does
not apply greedy selection; but a ‘non-dominated sorting method’ that was proposed in
NSGA [16]. Finally, S-MOABC/NS uses the same procedure as A-MOABC/NS with an
only difference of the time where the non-dominated sorting method is applied. While this
method is applied every time a new solution is found in A-MOABC/NS, it is applied here
after the search phases of employed and onlooker bees. That’s why, it is regarded as ‘syn-

chronous’.
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NSABC, another non-dominated sorting based approach, was proposed in [114]. As com-
mon in most of the multi-objective approaches, NSABC also introduced an external archive
for keeping non-dominated solutions. In addition to that, it modified the search behaviors of
employed and onlooker bees in order to avoid slow and premature convergence problems.
Therefore, a ‘dynamic mutation operator’ is included in the employed bee phase in NSABC
and it is applied when the generated new solution does not dominate. Moreover, the fitness
assignment strategy also used in [113] is used in the onlooker bee phase in NSABC. The

maintenance of archive is made through the non-dominated sorting method of NSGA-II.

eMOABC algorithm was proposed in [115]. eMOABC employs an external archive and ap-
plies a slight modification to the main search operators governed by employed and onlooker
bees in the basic ABC algorithm by including the effect of elife individuals. An elite indi-
vidual in eMOABC is a solution in the external archive that is chosen with respect to the
crowding distance measurement method of NSGA-II. The crowding distance measurement

method was also used in eMOABC for the maintenance of archive.

dMOABC was presented in [116]. dMOABC divides the search space into two sub-spaces
and constructs three colonies. While two colonies (called as basic colonies in AIMOABC) per-
form search independently on the sub-spaces, the last population (called as synthetic colony)
performs a search throughout the search space. This adoption ensures a good diversity in the
algorithm. An external archive was also employed in dAMOABC to store non-dominated so-
lutions. The communications between colonies is indirect and is done through the synthetic

colony.

Another ABC-based approach that uses a multi-colony model similar to IMOABC is DM-
CMOABC [117]. Differently from dMOABC, more than three colonies can be generated
in DMCMOABC (it was set to 10 in [117]) such that each colony performs the search task
throughout the whole space independently, which is also another difference from dMOABC.
Every colony in DMCMOABC applies search operators as in the basic ABC algorithm simul-

taneously. Non-dominated solutions from each colony are saved in the archive. Information
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exchange between the colonies was performed through the archive in DMCMOABC by re-
placing the elite individual, which is chosen with respect to the crowding distance method,

with the worst individual from a randomly selected colony.

As stressed earlier, PSO and ABC have become a very popular, may be the most, algorithms
that have been used to deal with the MOOPs in the literature mostly due to their easy-to-
implement structures and satisfying performances on different types of problems including
the discrete/combinatorial problems. PSO- and ABC-based multi-objective optimization al-
gorithms reviewed here are among the most popular ones. Refer, respectively, to [118, 119]
for a detailed review of PSO- and ABC-based multi-objective optimization algorithms. Apart
from them, there are also multi-objective optimization algorithms that were built on other
swarm-based single-objective optimization algorithms to be applicable for MOOPs. Some

of them have also been outlined in the following.

A generic ACO-based multi-objective optimization algorithm was proposed in [120]. The
proposed algorithm (m-ACO) is characterized with two parameters m-ACO(#col,T): #-col
defines the number of ant colonies while 7 defines the number of pheromone structures.
Four different variants were examined in [120]: m-ACO;(m + 1,m), m-ACOy(m + 1,m),
m-ACO;(1,1), and m-ACO4(1,m). In m-ACO; and m-ACQO;; the first m ant colonies are
responsible to solve each single-objective independently of the problem having m objectives
while the m + 1th colony aims at optimizing all the objectives. The communications between
the m colonies and m + 1th colony is performed through the pheromones. The way to use
of pheromone by m + 1th colony differs m-ACO; from m-ACO;. In m-ACOs, only a single
colony with a single pheromone structure is employed. The agents in this colony optimize
all the objective simultaneously. As in the single-objective ACO algorithm, the pheromone
level of every agent is also updated in m-ACO3 but in a different way by considering the
dominance of the agent. The final version of generic multi-objective ACO algorithm, m-
ACQy, employs a single colony and m pheromone structures. At every cycle, a randomly
selected objective is optimized. Pheromone level of the agents in the colony is updated for

every objective separately.
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MOBA [121] scalarizes the multiple objectives of a problem by weighting each objective
such that the sum of the weights is equal to 1. Instead of prioritizing some objectives, every
objective was considered evenly in MOBA. Therefore, a randomly generated vector was
used in MOBA to determine weights. The search framework of MOBA was kept same as
the single-objective BA. However, instead of greedy selection used in BA, MOBA accepts a

new solution only if it Pareto-dominates the previous solution.

Firefly algorithm was also extended to solve multi-objective optimization problems as (MOFA)
in [122]. Pareto-based MOFA algorithm employs the same search framework as the single-
objective FA algorithm. It occasionally scalarizes the multiple objectives as done in the
MOBA algorithm then performs a local search around the best individual when non-dominated
solution can be found before reaching the cycle. Only the non-dominated solutions found at

a cycle are passed to the next cycles in MOFA.

MOGSA was proposed to solve MOOPs in [123]. To adapt single-objective GSA algorithm
to the multi-objective concept, MOGSA incorporates uniform mutation operator and an ex-
ternal archive. Similar to the MOABC algorithm, objective space is divided into a number

of equal divisions in MOGSA to update the solutions in archive.

MOGWO was proposed in [124]. As explained earlier, social hierarchy and hunting strat-
egy are the behaviors of grey wolves that were modeled in the single-objective GWO al-
gorithm. These behaviors were also used in MOGWO so the search framework is similar
to the GWO algorithm. However, the leader selection strategy is slightly different from the
single-objective GWO algorithm. The proposed leader selection strategy in MOGWO is
governed by non-dominated (Pareto-optimal) solutions saved in an external archive, which

was introduced in MOGWO.

MOCS [125] is an extension of the single-objective CS algorithm. The search behavior of
MOCS is similar to single-objective CS algorithm. In order to adapt CS algorithm to the
multi-objective concept only Pareto-dominance-based greedy selection was introduced in

MOCS to accept developed solutions. As opposed to the most the multi-objective algorithms,
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MOCS does not maintain an external archive; rather it ranks the solutions with respect to their

Pareto-dominance and returns only the non-dominated solutions.

MOTLBO, which extends the single-objective TLBO algorithm, was proposed in [126].
MOTLBO differs from TLBO in only a way to select teacher which represents the fittest so-
lution in TLBO. While the fittest solution is obtained by considering only a single-objective
in the TLBO algorithm, it is non-dominance of a solution which determines whether it is the
fittest solution or not in MOTLBO. The fittest solutions are kept in an external archive in
MOTLBO; the teacher is chosen from the archive considering the crowding distances, which
is originally proposed in NSGA-II algorithm, of solutions. The solution having the highest

crowding distance is chosen as the teacher in MOTLBO algorithm.

The total number of scientific researches based on multi-objective swarm-based approaches
has been given in Figure 2.11.. The total number of publications on this research area within
the last six years has been given in Figure 2.12.. It is worth noting here that only the multi-
objective swarm-based approaches having the highest impact on the literature have been
included into the figures for the sake of better readability. These figures show that the PSO-
based multi-objective algorithms have been mostly adapted in the literature. Among them,
MOPSO has become the well-studied approach and its impact is increasing year-by-year

(refer to Figure 2.12.).

700 —

622 I Aticle paper
600 I Conference paper
[__1Book chapter

500

400

300

200

100

MOPSO OMOPSO TV-MOPSO SMPSO MAPSO DN-PSO S-PSO MOBA MOFA MOGWO MOCS

Figure 2.11. Total number of scientific publications on multi-objective swarm-based methods.
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Figure 2.12. Analysis of recent scientific publications on multi-objective swarm-methods.

The distribution of application areas of multi-objective evolutionary-, and swarm-based al-
gorithm have been given in Figure 2.13.. From the figure, it can be concluded that computer
science, engineering, and mathematics are the dominant subject areas comprising a very
large portion of all areas for all types of heuristic algorithms, which is the case same as

single-objective algorithms (refer to Figure 2.8.).
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3. ELECTRIC FISH OPTIMIZATION ALGORITHM

3.1. Electric Fish

Electric fish constitute only a fraction of all fish species (~1.2%, corresponding to 350 elec-
tric fish species out of more than 30,000 total fish species). They live in muddy water where
their visual sense are very restricted and most of them are nocturnal. However, they possess a
species-specific capability, electrolocation, which is the distinguishing sense capability that
electric fish rely upon to locate objects such as prey and obstacles. Electric fish are cate-
gorized as strongly and weakly electric fish, depending on the strength of the electric field
they generate. Strongly electric fish mostly use the electrolocation capability for offensive
purposes and their field intensity ranges from 10 to 600 V, which is sufficient to stun their
prey. In contrast, weakly electric fish only generate electric fields of intensity between a
few hundred millivolts and a few volts, which is utilized to navigate, communicate, detect

objects, etc. [127].

Electric fish have an electric organ containing special electric disc-like cells (called electro-
cytes), which are used to generate an electric field. This organ is generally located at the
tail of the body. Each of the electrocytes synchronously receives the command signals from
the brain through electromotor neurons (EMN) to ‘fire’. The electrocytes are lined up in a

sequence and each can produce up to 0.15 V (see Figure 3.1.).

The simultaneous excitation of electrocytes is called as EOD in the literature. EOD is char-
acterized by its frequency and amplitude. The EOD frequency is inversely proportional to
the interval between two consecutive electric signals. It is not random or irregular but highly
affected by the presence of a novelty (sharp increase) (see Figure 3.2.A.) and the distance to
the stimulus (regular increase) (see Figure 3.2.B.). The EOD amplitude, however, is propor-
tional to the fish’s size, owing to the electrocytes that are added during growth, and it decays

with the inverse cube of the distance from the body surface [127, 128].

49



P =

Electric organ

Figure 3.1. Electrocytes in electric organ at the tail of fish. Modified after Moller [127].

Depending on the EOD activity, electrolocation is examined under two categories: active
and passive. In active electrolocation, electric fish generate EOD and sense their near sur-
roundings through the modulations in the electric field. The effective range of active elec-
trolocation is very limited, but very helpful to fish living in dark and complex environments
for finding and identifying their prey. In passive electrolocation, electric fish can perceive
and react to electric signals of external sources through their electroreceptors. Contrary to
active electrolocation, the effective range of passive electrolocation is much wider, which
allows them to locate objects at distances exceeding the active electrolocation range and to

communicate with other fish.

Electric fish are both electrogenic and electroreceptive, which means they have capability to
perceive electric currents emanated either from their conspecifics’ organs or from organisms
living in the same environment, as well as to generate an electric field, which enables them
to communicate with each other through electrical signals. By using this capability, called
electrocommunication, electric fish can exchange information about i) their identity, gender,
status in the hierarchy; ii) their physiological or motivational state; and iii) aspects about

their environment, presence of food, etc. [127].
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Figure 3.2. (A) Inter pulse interval (IPI) duration of Brienomyrus niger based on the presence of
novelty within three different distances (0.2 mV/cm, 15 mV/cm, and 31mV/cm) and (B)
EOD frequencies of Marcusenius (dots represent the mean frequency) based on different
stimulus intensities. The stimulus are located at i) outer limit of the fish active space
(0.07 mV/cm) ii) somewhere in the middle of space (19 mV/cm) iii) close within a few
centimeters (71 mV/cm). Modified after Moller [127].

3.2. Swarm Intelligence in Electric Fish

The term swarm is particularly used for aggregated animals such as fish schools, bird flocks,
and colonies of insects such as ants, bees, and termites. Swarm intelligence, a form of Al, is
the emergent collective intelligence of groups of simple swarm agents [129]. It stems from
the interaction of agents with their neighbors. In swarm intelligence, there is no centralized
(global level) control structure that dictates how an agent should behave, but the rules that
specify the interactions among the swarm agents are executed at a purely local level. The first
use of the expression ‘swarm intelligence’ dates back to the 1980s in the context of cellular
robotic systems [129]. Since then, researchers in the field of optimization have developed

several swarm-based algorithms. In the 1990s, the success of ACO and PSO in solving
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different types of problems has attracted researchers to the development of new swarm-based

algorithms.

Self-organization is a key feature of a swarm that results in global level (macroscopic level)
response by means of low-level interactions (microscopic level) [129, 130]. For example,
the emerging structure of foraging (macroscopic level) in ants includes organized networks
of pheromone trails (microscopic level). The following four characteristics are the basic
ingredients upon which self-organization relies [129]: Positive feedback, negative feedback,
fluctuation, and multiple interactions. Each characteristic is introduced and explained from

the perspective of electric fish as follows:

1. Positive feedback: This promotes the creation of convenient structures. Examples of
positive feedback include recruitment of ant or bee species to a food source depending

on the trail laying or waggle dance, respectively.

An electric fish that is close to a stimulus or prey source generates an electric field with
higher EOD frequency, which means that it will search in its locality through its active
electrolocation capability. As the fish begins to produce electric more often, it attracts

other fish.

2. Negative feedback: This counterbalances the positive feedback, and it is required to

avoid saturation, exhaustion, and competition.

An electric fish far away from a stimulus or prey source decreases its EOD frequency,

switches to silent mode, and thus no longer attracts its conspecific.

3. Fluctuations: This enables the discovery of new solutions, and in a swarm it is crucial
for creativity and innovation. For example, foragers in an ant swarm follow trails
with a certain error and may get lost in the colony; the lost foragers can find new and

unexplored new food sources.

A fish perceives electrical stimuli not only from its conspecific’s electric organ, but

also from other aquatic organisms.
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4. Multiple interactions: These enable some agents in the swarm to receive information

originating from other agents for information to spread throughout the swarm.

Electric fish communicate with each other through active and passive electrolocation

and broadcast messages to each other about their surroundings: electrocommunication.

3.3. EFO Algorithm

All heuristics use a common framework. However, the usage of search operators depends on
the model, which is what differentiates heuristics in the literature [9, 131]. EFO is no excep-
tion and uses very simple search operators. The details of the algorithm will be presented in
the subsequent sections. At first, the assumptions that transform the behavior of electric fish
into the heuristic algorithm, in accordance with their true nature, are introduced. The first
assumption is that there is an infinite food source in the search space, where one food source
is recognized as the best source. Electric fish, corresponding to the individuals in the algo-
rithm, are located somewhere in the space and carry their location information. The quality
of each individual is determined by its distance to the location of the best source, and hence
the problem at hand becomes a problem of finding the best quality food source. Another
assumption, which is inspired by natural evolution, is that fish possessing high-quality re-
sources over a long period of time grow faster and thus are able to produce higher-amplitude

electric signals than the others [132].
The intelligent behaviors of electric fish are modeled as follows:

e Active electrolocation: Electric fish produce more frequent electric signals by means

of their electric organs as nearer they get to the best food source (Figure 3.3.-A and

Figure 3.3.-C)).

Active electrolocation has a very limited range, and therefore it has been used to en-
sure the local search through individuals with better fitness values, such that these

individuals could be better able to search their vicinity, as in electric fish.
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e Passive electrolocation: Other fish do not generate an electric field, but rely on elec-
tric signals emanated either from their conspecific’s electric organ or from animate

organisms (Figure 3.3.-B).

Because passive electrolocation has a wider range than active electrolocation, in the
algorithm, it has been used to balance active electrolocation and to ensure the global
search by enabling individuals, particularly those of poor fitness, to explore distant

spaces.

e EOD frequency: In nature, the frequency of electric field generation depends on the
closeness to the source. The fish closest to the best source are expected to produce

electric field more frequently than others.

EOD frequency has been used in EFO as a key to determine the role of each individual
at time ¢, because it is an indicator used by electric fish to find out which individuals are
in the vicinity of a better food source. As in nature, individuals with higher frequency

employ active electrolocation, and others use passive electrolocation.

e EOD amplitude: The amplitude of electric field depends on the growth (and thus the

size) of the fish, and it determines the effective range of the electrical stimuli.

In the EFO algorithm, owing to its ability to determine electric fields’ domination,
EOD amplitude has been used to determine the effective range in local search and the

probability of individuals’ being sensed in global search.

3.3.1. Population initialization

Initially, the electric fish population (V) (henceforth called individuals) are randomly spread

through the search space considering the boundaries.

Tij = Tminj + ?(Tmax;j — Tminj) (1)
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Figure 3.3. Prey detection and communication in a fish swarm. A) Fish (colored blue) perceives the
signals from the source. B) It switches into active mode, generating signals with a higher
frequency, and broadcasts its surroundings. C) Other fish (colored green and brown) in
passive mode sense the conspecific’s signal and move toward the source.

where x;; represents the position of the ith individual in the population of size |N| (i =
1,2,...,|N|) in the d-dimensional search space. =z, j and Ty ; are the lower and upper
boundaries for dimension j | j € 1,2, ..., d, respectively. ¢ € [0, 1] is a random value drawn

from a uniform distribution.

Individuals in the population move around the search space through their active or passive
electrolocation capability, just after the initialization phase. The frequency plays a key role in
the EFO algorithm to balance exploration and exploitation, and is used to determine whether
an individual will perform active or passive electrolocation. It enforces better individuals
(in active mode), which are most likely to be vicinity of promising regions, to exploit their
neighborhood, and it leads other individuals (in passive mode) to explore the search space so

that they discover new regions, which is essential for multimodal functions.

In the EFO algorithm, as in nature, individuals with a higher frequency employ active elec-
trolocation, and others use passive electrolocation. The frequency value of an individual
ranges from a minimum value f,,;, to a maximum value f,,,.. Because the frequency value
of an electric fish at time ¢ is strictly related to its closeness to the food source, an individual’s
frequency value (f}) is derived from its fitness value:
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where fit! ., and fit} ., are respectively the worst and best fitness values obtained from
individuals in the current population at iteration ¢, whereas fit! is the fitness value of the
ith individual at iteration ¢. In this study, as the frequency value is used for a probability

calculation, f,,;, and f,... are set to 0 and 1, respectively.

Apart from the frequency, electric fish have also amplitude information. This determines the
active range of a fish while actively electrolocating, and the probability of being perceived
by other passively electrolocating fish, as the strength of electric field decays with the inverse

cube of distance.

The amplitude of an individual depends on the weight of the individual’s previous amplitudes
(o in Equation 3), and therefore it may not change sharply. The amplitude value of the ith

individual (A;) is calculated as follows:

Al=aA +(1—a)ff 3)

where a | o € [0, 1] is a constant value that determines the magnitude of the previous ampli-
tude value. In EFO, the initial amplitude value of the ¢th individual is set to its own initial

frequency value f;.

The frequency and amplitude parameter values of a fish (or individual) are updated based
on the proximity of the fish to the best prey source. In every iteration of the algorithm, the
population is divided into two groups based on the frequency value of each individual: indi-
viduals performing active electrolocation (/NV4) and those performing passive electrolocation
(Np) (i.e., Ny U Np = N). Because the frequency of an individual is compared with a uni-
formly distributed random value, the higher the frequency value an individual has, the more
likely it is to perform active electrolocation. The search is then performed by individuals in

N4 and Np in a parallel manner.
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3.3.2. Active electrolocation

The biologically effective range of active electrolocation is limited to approximately half
of the fish size [127], and the fish is unable to perceive prey outside this range. In other
words, this capability allows fish to locate any food source in their immediate vicinity. The
local search or exploitation capability of EFO is based on these characteristics of active

electrolocation.

In EFO, all individuals in active mode (performing active electrolocation) move around the
search space by modifying their traits. However, only one parameter that is randomly chosen

is allowed to be modified, lest the individuals move too far away from the promising region.

The movement of the ith individual may vary depending on the existence of neighbors inside
its active range. If no neighbor exists (Figure 3.4.-A), it performs a random walk throughout
its range, otherwise; it chooses one neighbor randomly and changes its location depending
on this neighbor (Figure 3.4.-B). The optional search contributes an ‘explore first, exploit
later’ approach in EFO. As the individuals are initially far away from each other, they are
less likely to belong to each other’s active range. Therefore, it is very likely for active mode
individuals to initially search randomly in their neighborhood and then start to exploit one of

the closest neighbors as the iteration proceeds.

The active range of the ¢th individual (r;) is determined by its own amplitude value (4;), as

in nature. The active range calculation in EFO is given in Equation 4.

ry = (Imaxj - xminj) AZ (4)

To find neighboring individuals (S | S C N) in the sensing/active range, one needs to mea-
sure the distance between the ith individual and the rest of the population (i.e., N \ {i}). The
distance between individuals ¢ and £ is determined by using the Cartesian distance calcula-

tion:
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Figure 3.4. Local search demonstration of EFO. Individual in active mode either moves somewhere
inside its active range (A) or search region (B) depending on the existence of neighbors in
its vicinity.

d
dir, = || — 2| = Z (Iij - l’kj)2 (5)

Jj=1

In the case where at least one neighbor exists in the active sensing area, EFO uses Equation 6;

otherwise (i.e., S = ()), Equation 7 is employed.

cand

25" = i+ o (2 — Tij) (6)

where k represents a randomly chosen individual from the neighbor set of the ith individual
(e, ke Sanddy <r;)

Ty = i+ ()
where ¢ € [—1, 1] in Equation 6 and 7 is a random number generated from a uniform distri-

bution and xf}md represents the candidate location of the 7th individual.
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3.3.3. Passive electrolocation

As opposed to active electrolocation, the sensing distance does not depend on the 7th indi-
vidual and exceeds beyond the range of active electrolocation, as in nature. This is why the
passive electrolocation capability fulfills the requirements of global search or exploration

mechanism of the proposed EFO algorithm.

As mentioned before, the perceiving probability of a signal is directly proportional to its
own amplitude value and the distance to a target individual. Individuals in the passive mode
choose other individuals in active mode that propagate electrical signals depending on a

probability, and then change their locations (see Figure 3.5.-A).

\2
%
%

\* active fish
\* passive fish

selected neighbors

Figure 3.5. Global search demonstration of EFO.

The probability of the kth individual in active mode (i.e., & € N 4) being perceived by the ith

individual in passive mode (i.e., ¢ € Np) is calculated using Equation 8.

Ag/d;
DL = LAkd (3)
> jen, Ai/di
As seen from the equation, beside amplitude-based selection, passive electrolocation em-
ploys a distance-based selection mechanism as in Gravitational Search Algorithm [9] and

Firefly Algorithm [52]. It is important to note here that the probabilistic neighbor selection

forces passive mode individuals to perform exploration before the exploitation. Therefore,
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passive mode individuals choose neighbor individuals at the initial iterations, because the
distance is the dominant factor, which causes the selection of poor individuals and which
contributes to the discovery of new regions of the search space. Amplitude becomes the
dominant factor as the iteration proceeds (because the distance between EFO individuals

approaches zero), which causes the selection and local search of the best individuals.

Using various strategies, such as roulette wheel selection as employed here, K individuals are
chosen from N4 based on Equation 8, and then a reference location (z,;) is determined based

on Equation 9 (see Figure 3.5.-B). The new location is then generated through Equation 10.

3 Ak
Tyj = % 9
Zk:1 Ay
T = x5+ ¢ (Trj — z45) (10)

Contrary to the search in active electrolocation, more than one parameter can be modified,
such that individuals explore the search space much faster. However, albeit rarely, there
might be a case in which an individual with a higher frequency performs passive electrolo-
cation. In such a case, that individual would lose its location information completely. This
situation is not expected or preferred due to the individual of being located in a promis-
ing region. For avoiding such cases, EFO applies Equation 11 in order to determine which
parameters will be modified. With this equation, the probability for such an individual to

modify its whole trait is significantly lowered.

P rand;(0,1) > f;

wgmd = ¢ (11)

Tij else
where rand,;(0, 1) is a uniform random number generated for the jth parameter.

The final step of passive electrolocation is to modify one parameter of the :th individual using

Equation 12 to increase the probability of a trait being changed.
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25" = Tring + @(Tmaxj — Tming)  rand(0,1) < rand(0,1) (12)

where rand(0, 1) is a random number generated from a uniform distribution.

If the jth parameter value of the ith individual exceeds the boundaries of the search space, it

is relocated to the boundary of the space that it exceeds:

cand

Immg ‘f‘EfL]

< Lmin j

cand __ cand cand
Iij = v i

o i (13)

Tmaxj > L

cand
Tmax j xij > Tmax j

\

The simplified pseudocode of the EFO algorithm and its detailed form are given in Algo-
rithms 1 and 2, respectively. The active electrolocation phase of EFO is presented in lines
7-16, and passive electrolocation is presented in lines 18-23 in Algorithm 2. These phases
determine the complexity of EFO. The complexity of active and passive phases is mainly
governed by the distance calculation of the individuals (lines 9 and 18). Hence, the time
complexities of the active and passive phases are O(|N4| x |N|) and O(|Np| x |Ny|), re-
spectively. In addition, the algorithm has a complexity that is proportional to O(|N|) for
the fitness evaluation of the population (line 26). In short, for one iteration, the time com-
plexity of EFO is O(|N|) and O(|N|?) for the best (when |N4| = 1) and worst cases (when
|N4| = |N| — 1), respectively.

3.4. Search Strategy

A fine trade-off between exploration and exploitation characteristics is very important for the
overall efficiency and performance of an algorithm. It is less likely, or maybe impossible, for
an algorithm to converge to the optimal solution in the case of too much exploration, which

leads to performance degradation. Algorithms that mostly favor exploitation, however, may
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Algorithm 1: Simplified pseudocode of Electric Fish Optimization algorithm.

Generate initial population;

Evaluate the quality of the individuals;

repeat

Split the population into two subpopulations (N4, Np) depending on the frequency
values of each individual ( f);

Perform active and passive electrolocation for the individuals belonging to N4 and Np,
respectively;

Update frequency f and amplitude A values for each individual;

until rermination criterion is met;

get stuck in a local optimum, even if they have fast convergence [133, 134]. In addition,
an ‘explore first, exploit later’ approach should also be taken into consideration to further

improve the optimization performance [10].

The proposed EFO enables well-balanced exploration and exploitation, owing to a metaphor
that relies upon the very nature of electric fish. The search strategy of EFO fundamentally
relies on three key factors: frequency, amplitude, and the distance among EFO individuals. A
trajectory plot that captures the positions of EFO individuals (10 individuals in total) during
1000 iterations on two-dimensional Michalewicz function (F24 in Table B.1.) has been used

to better explain the search strategy of EFO, as shown in Figure 3.6..

* passive mode %  active mode

3 X 3 ] 3 3

§
*.(0) %

0 * 0 0 * 0

Iteration = 1 Iteration = 250 Iteration = 500 Iteration = 1000

Figure 3.6. Trajectory plot tracing the positions of EFO individuals on two dimensional Michalewicz
function.

The frequency-based mode determination in EFO individuals forces better individuals to
perform exploitation and other individuals to perform exploration. As seen from the figure,

individuals in active mode are closer to the promising regions (local and global optima)

62



o X AN R W N =

11
12
13
14
15
16
17
18

19

20
21
22
23
24
25
26
27
28
29

Algorithm 2: Detailed pseudocode of Electric Fish Optimization algorithm.

Generate initial population N by Eq. 1;
Evaluate fitness value fit of the individual;
Calculate frequency f and amplitude A values of every individual by Eq. 2 and 3;
repeat
foreach: € N do
if f; > rand then // active electrolocation phase
Randomly choose one parameter j to be modified;
Calculate active range (r;) of ith individual;
Calculate distance of 7th individual to other individuals;
Examine neighbor individuals (.5) in the sensing area ;
if S # () then
Randomly choose one individual % in the active space;
Modify jth parameter by Eq. 6;
else
| Modify jth parameter by Eq. 7;
end
else // passive electrolocation phase
Considering p values (Eq. 8), probabilistically choose K individuals from
actively electrolocating population N 4;
Modify all parameters of ith individual by Eq. 9, 10 and accept only parameters
to be modified considering Eq. 11;
if rand(0,1) < rand(0, 1) then
Determine one more parameter j to be modified;
Modify jth parameter by Eq. 12;
end
end
Check for boundaries and apply Eq. 13 for those exceeding search space;
Evaluate quality of new source and accept if found better;
end
Update frequency and amplitude values of the population NV;
until rermination criterion is met;

throughout the search space, which enables them to behave more exploitatively, and passive

mode individuals to discover new regions as they are too far away from the these regions.

Amplitude and distance, however, have a cooperative role in maintaining the ‘explore first,
exploit later’ approach. As seen in the figure, the individuals are initially far away from
each other and then get closer as the iteration proceeds. Therefore, individuals in active

mode are more likely to perform random search in their vicinity at the beginning of the
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search, as they are less likely to belong to each other’s active range. They start to exploit
one of the closest neighbors as the iteration proceeds. Individuals in passive mode, however,
choose non-elite individuals at the beginning of the search because of the distance that plays
a key role initially, which leads EFO to discover unseen regions. As the search reaches to
the final iterations, the elite individuals are more likely to be chosen since distances among
individuals approach to zero, which makes the amplitude dominant in the determination of

neighbor individuals, which increases the exploitation capability of EFO.

The main differences between EFO and the competitor algorithms in terms of the search

strategy are outlined as follows:

e EFO is a population-based algorithm, unlike SA and VS, and it makes use of multiple
individuals to find an optimal solution in the search space, which makes EFO a better

algorithm for solving complex problems.

e Evolutionary-based GA and DE rely on generic operators such as selection, crossover,
and mutation, whereas EFO uses frequency, amplitude, and distance to control diver-

sity throughout the search.

e PSO makes use of the particle’s and population’s best in the previous iterations; EFO,
however, takes only the current population into consideration. Moreover, it does not

consider only elite individuals to ensure better exploration capability.

e Onlooker individuals in ABC take only one neighbor individual at every iteration,
whereas in EFO, passive mode individuals rely on more than one neighbors to reduce

the likelihood of being trapped in local optima.

e Unlike to ABC and PSO, EFO initially has a much lower tendency to choose individ-
uals with better fitness values, owing to the inclusion of distance in the algorithm to
discover the search space efficiently, which also maintains the ‘explore first, exploit

later’ approach.
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There are also considerable differences between EFO and competitor algorithms in terms
of the optimization performance. The superior search capability of EFO with respect to
the competitor algorithms has been proven through the experimental findings, which are

presented in the following section.
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4. EXPERIMENTS ON SINGLE-OBJECTIVE
OPTIMIZATION PROBLEMS

To evaluate optimization capability of EFO, three experiments have been conducted and
EFO has been compared with a selection of well-known algorithms with a wide range of
characteristics (including single-solution-based, population-based, evolutionary-based, and
swarm intelligence-based). The first experiment comprises basic and complex mathematical
benchmark function sets and the problems in these sets are bound-constrained. The second
experiment comprises clustering and classification problem sets, in which the problems do
not possess any type of constraints, including bound constraints. The third experiment, how-
ever, comprises well-known constrained real-world design problems, which have both bound
and design constraints. The problem sets and competitor algorithms are introduced in detail

in the following subsections.

4.1. Competitor Heuristics and Parameter Settings

4.1.1. Competitor heuristics

In addition to the benchmark set used to evaluate an optimization algorithm, the choice of
competitor algorithms is also very important. Several heuristics have been proposed in the
literature. To verify the effectiveness of our proposed contribution, EFO has been compared

with well-known heuristics from the literature.

In the first two experiments, EFO has been compared with two single-solution-based (SA
and VS) and four population-based heuristics (GA, DE, PSO, and ABC); the general charac-
teristics of these heuristics are outlined in Table 4.1.. The common aspect of these heuristics
is that they have gained so much popularity in the literature (refer to Figure 2.2., Figure 2.4.,
and Figure 2.6.). That’s why they have been particularly chosen for performance compar-

ison. The pseudocode of these algorithms is also provided in [31]. It is important to note

66



here that we have intentionally excluded FEO as a competitor heuristic due to its low per-
formance. Speaking concretely, EFO has outperformed FEO in all of the 12 benchmark

functions employed in [24].

Table 4.1. Outlines of heuristics used in comparison.

Class Solution Type | Motivation Parameter
. . er Initial temp.,
SA S:Slilie solution- Swarm-based Real-valued Thermal equilibrium cooling factor
VS Vortex pattern N.A.
GA Binary-coded Crossgver and
Evolution-based Survival of the fittest | utation rates
Crossover and
DE .
scaling factor
Population-based iti i
PSO pu Cogm‘tlve and social e1. co. and w
_ Real-valued gpenences
S based Scout,
ABC WAL employer, and limit
onlooker bees
EFO Active and passwe o and K
electrolocation

The final experiment considers only the studies that were recently proposed for solving con-
strained design problems: i) Novel approaches such as ABC [135], ISA [67], CSA [69],
STA [73], BFO [71], BSA [136], and TLBO [72]; ii) modified versions of some heuris-
tics such as TCA [68], PSO [75, 76], FOA [89], DE [77-79], EA [83, 84]; and iii) hybrid
approaches such as GA-AIS [85, 86], PSO-DE [74], and CSGA [87].

4.1.2. Design of experiments

There are several factors that directly affect the performance of an optimization algorithm,
such as the initial condition, problem type, and complexity. The parameter setting of an
algorithm is also a crucial factor, and determining the optimal or approximate values of
parameters introduces a separate problem (known as a parameter tuning problem in the
literature) [137]. The parameter settings of each algorithm should optimally be tuned to
achieve a fair comparison, which is necessary to ensure the reliability of the experiments.
Because finding the optimal parameter values requires highly costly large-scale experimen-

tation [138], the design of experiments methodology is applied to tune the parameter values,
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including the population size of each algorithm in this study. The DoE methodology uses a

second-order linear model in order to identify approximations to the optimal parameters.

y=Po+ Z Biri + Z Z Bijwix; Z 5”%2 +e€ (14)

i g>i i
where y is a response variable representing the fitness value obtained from the parameter
setting x. After the coefficient 3 is estimated, approximations to the optimal parameter

values are obtained by applying quadratic programming.

Because it would be exhaustive to obtain the optimal values for each possible parameter set-
ting, three-level full factorial design is employed, where each parameter is set to three levels
(referred to as high, intermediate, and low). Function evaluation number (F'/N) is employed
as the termination criterion of a single run. Every algorithm is run twice with 500,000 and
20,000 FENs for the first and second experiments at each parameter setting, respectively.
Therefore, ABC is executed 3! x 2 times, SA is executed 3% x 2 times, GA, DE, and EFO
are executed 3° x 2 times, and PSO is executed 3* x 2 times on each problem. As VS is a
single-solution-based and parameter-free algorithm it has been discarded from the parameter
tuning. The parameters with their range as well as their optimal values obtained by using
the DoE methodology for the first and second experiments are outlined in Table 4.2.. While
FEN is set to 500,000 for the first experiment, it is set to 20,000 for the second experiment
to avoid the algorithms to have an over-fitting problem to the train dataset employed in this
experiment. The parameter values of EFO are set according to each problem in the third ex-
periment and they are given in Section 4.4.2.. It is important to note here that while the DoE
methodology tries to find the optimal values of parameters, it also explores their interactions
with other parameters. However such interaction effects have not been explicitly investigated
in both the proposed EFO algorithm and its competitor algorithms in this study. For a heuris-
tic algorithm to be regarded as robust, its performance should be less sensitive to differences
in the problem characteristic and tuning parameters [139]. The empirical findings from 50

basic benchmark functions reveal that EFO is not dependent on parameter settings and shows
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similar performance on problems with different characteristics. These results prove the ro-

bustness of the proposed EFO algorithm. Therefore, even though the DoE methodology was

applied for finding the optimal parameters in this study, it is believed that any parameter

settings (other than the optimal parameters) could be employed to yield sufficiently feasible

solutions for the problem of interest.

Table 4.2. Approximate optimal parameter values of EFO and competitor algorithms.

Optimal Parameter Value

Algorithms & Parameters Value Range Experiment 1  Experiment 2
SA

Initial temperature [10, 100] 79.575 73.601

Cooling factor [0.01, 0.99] 0.476 0.235
GA

Crossover rate [0.01, 0.99] 0.772 0.842

Mutation rate [0.01, 0.20] 0.059 0.011

Population size [20, 100] 64 44
DE

Crossover rate [0.01, 0.99] 0.318 0.839

Scaling factor [0.01, 0.99] 0.705 0.613

Population size [20, 100] 61 43
PSO

Magnitude for cognitive best (c1) [0.01, 2.00] 1.594 1.291

Magnitude for social best (c32) [0.01, 2.00] 1.526 1.307

Inertia for old velocity (w) [0.01, 0.99] 0.502 0.923

Population size [20, 100] 65 67
ABC

Population size [20, 100] 62 40
EFO

Magnitude for old amplitude (o)) [0.01, 0.99] 0.416 0.501

Max. number of neighbors (K) (1, [IN|/2]1 20 8

Population size [20, 100] 65 20
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4.2. Performance Analysis on Bound Constrained Problems

4.2.1. Problem definition

In the first experiment, EFO was tested on two benchmark sets, including a well-known selec-
tion of 50 basic and 30 complex mathematical functions, known as the CEC’17 Benchmark
Suite [11], which were obtained from the studies of Karaboga and Akay [140] and Awad et
al. [11], respectively. The details of these problems are provided in Table B.1. and B.2..

The mathematical benchmark functions are divided into six classes depending on their char-
acteristics: unimodal, multimodal, separable, nonseparable, hybrid, and composition. A uni-
modal function (F1-F17 in Table B.1. and F1-F3 in Table B.2.) is a function that contains
only one optimum in its search space and it is used to measure how effectively an algorithm
performs local search; a multimodal function (F18-F50 in Table B.1. and F4-F10 in Ta-
ble B.2.) has multiple local or global optima and in order for an algorithm to achieve better
performance, it must exhibit a better exploration capability. Design parameters are indepen-
dent of each other in a separable function (F1-F5, F18-F26 in Table B.1.), which means
the cost of a separable function is the sum of the costs independently calculated from every
parameter. A nonseparable function (F6-F17, F27-F50 in Table B.1.) has design param-
eters that are interrelated to each other, which makes them much more complex compared
to separable functions. A hybrid function (F11-F20 in Table B.2.) comprises a number of
subcomponents that represent the basic function. As for a composition function (F21-F30
in Table B.2.), it merges the characteristics of subfunctions to maintain continuity around
global/local optima. Heuristics are very successful in solving problems with few parameters.
However, they face another problem known as the curse of dimensionality, as the parameter
size increases and data points in the search space become very sparse [141]. The number of
design parameters to be optimized in the basic mathematical benchmark function set varies
from 2 to 30, whereas it is 10 for all the complex mathematical benchmark functions. For the
list of constant parameters of the functions that have such constant parameters, refer to [140]

and [11].
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4.2.2. Results

In this experiment, each algorithm has been run 30 times and the best fitness value obtained
from each run has been considered when calculating the mean, deviation, and best values.
The mean values provide insight into the overall performance of the algorithm. Owing to
their stochastic nature, heuristics can produce different results each time, and thus the stan-
dard deviation is a good indicator to reveal the extend to which an algorithm can produce
similar results. The best value is obtained from the mean values of several runs, indicat-
ing the best performance obtainable. All algorithms have been run in parallel on the same

machine (24 core Intel® Xeon CPU, 48 GB RAM).

Some functions, such as Easom (F7 in Table B.1.), have a valley-type global minimum which
is very small compared to their entire search space. Heuristics seek the search space consid-
ering the fitness quality of the population. However, such functions do not provide fitness
information, because the population is initially far away from the narrow global minimum.
This case has also been observed in our experiments: the standard deviation of the fitness
values of the population is very close to 0. In order to avoid that, the frequency of each
candidate individual for these problems is set to a random value (i.e., f = rand(0, 1) when

o(fit(N)) < €). The ¢ value is set to 107 in this study.

The mean, standard deviation, and best values obtained from both the basic and complex
mathematical benchmark functions are provided in detail!. Although these results shed light
on the performance of the algorithms, a pairwise statistical test has also been employed to
further investigate any significant differences between the algorithms. Pairwise tests are
divided into two categories, problem-based and multiproblem-based. Problem-based testing
considers the best results obtained from several runs of an algorithm against a particular prob-
lem, whereas multiproblem-based testing considers the average of the best results obtained
from several runs. Problem-based pairwise comparisons are widely employed in perfor-
mance comparison between given two approaches [142, 143]. The problem-based Wilcoxon

Signed Rank Test at a statistical significance level of 95% is employed in this experiment.
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The problem-based statistical results for the basic and complex mathematical benchmark

functions are provided in Table C.1. and C.2., respectively.

In this study, the researcher’s null hypothesis is that there is no statistically significant differ-
ence between the median of the results produced by EFO and its competitor algorithm (C);
i.e., median (EFO) = median (C). To speculate that EFO performs much better on a given
problem, the null hypothesis should be rejected or an alternative hypothesis should be ac-
cepted. T+ and T- values in Table C.1. and C.2. are the sum of the ranks for the problem in
which the competitor algorithm outperforms EFO and is inferior to EFO, respectively. These
values are examined to reject or to accept [143]. The (+/-/=) marks in column W are used to
show statistical findings. A ‘+” mark indicates a case where the null hypothesis is rejected
and EFO exhibited superior performance, whereas a ‘-’ mark indicates a case where the null
hypothesis is accepted and EFO exhibited inferior performance; the ‘=" mark indicates no
statistical finding to reject or to accept the null hypothesis and EFO performs similar per-
formance with its competitor. The last row of the table shows the total count (4+/-/=) of the

cascs.

Table 4.3. shows problem-type-classified statistical results of the first experiment. As in
most modern development tools, values below 107'® are accepted as 0 during the statistical
pairwise comparison in this study, because an arithmetic precision that is higher than neces-
sary makes it difficult to compare the local search abilities of the algorithms [142]. From the
problem-type statistical results for the basic benchmark functions in Table 4.3., it is seen that
EFO outperforms all its competitors without exception, which is also the case for the com-
plex benchmark functions, with the only exception that DE outperforms EFO on the eight
problems overall. It is also seen that EFO obtains considerably better results on multimodal,
hybrid (except DE), and composition (except ABC) functions, and it shows similar or better
performance on unimodal functions. The experiment results support that EFO does not face a
curse of dimensionality problem due to its better performance on problems with high dimen-
sions (15 out of 50 basic mathematical problems) such as Schwefel, Rastrigin, and Griewank.

Moreover, EFO has shown a better or comparative performance on hard problems such as
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Perm and Power Sum problems, where the global optimal solutions lie at the boundaries of

the search space.
Table 4.3. Problem-type-based statistical comparison of EFO on mathematical benchmark functions.

Basic benchmark functions

Problem Type EFO/SA EFO/ VS EFO /GA EFO /DE EFO/PSO EFO/ABC

[N 2/2/1 2/2/1 4/1/0 1/4/0 0/411 3/2/0
UN 9/2/1 4/6/2 8/4/0 47771 2/1/3 6/4/2
MS 4/1/3 4/4/0 4/4/0 2/6/0 4/4/0 0/8/0
MN 21/2/0 3/15/5 12/9/2 2/17/4 11/9/3 8/14/1
Total (+/=/-) 38/17/5 13/29/8 29/19/2 9/36/5 17/26/7 17/30/3

Complex benchmark functions

Problem Type EFO/SA EFO/ VS EFO / GA EFO /DE EFO/PSO EFO/ABC

U 1/11 17171 2/1/0 0/172 /11 2/1/0
M 6/1/0 5/2/0 7/0/0 2/4/1 6/1/0 3/4/0
H 9/1/0 8/1/1 7172 0/1/9 6/3/1 3/5/2
C 9/1/0 4/472 8/2/0 6/0/4 9/1/0 0/7/3
Total (+/=/-) 25/4/1 18/8/4 24/4/2 8/6/16 22/6/2 8/17/5

In addition to the Wilcoxon’s sign test, the VIKOR (Vise Kri-terijumska Optimizacija I Kom-
promisno Resenje) [144] and TOPSIS (Technique for Order Preference by Similarity to an
Ideal Solution) [145] ranking methods are applied for the performance evaluation of EFO and
its competitor heuristics on basic and complex mathematical benchmark problems. VIKOR
and TOPSIS are MCDM methods considering the ranking of alternatives. They make use
of a decision matrix, weight vector, and real number (v) to calculate rankings. In this study,
a7xTPS decision matrix is given, in which rows represent the heuristic methods (alterna-
tives) and columns represent the mean performance obtained from a heuristic on the problem
(criteria). In addition, a 1 xT'PS weight vector is given. Because each problem is given equal
weight, each value in this vector is equal to 1/7'PS. Finally, v is set to 0.5 in the ranking

calculation. Here, T'P.S represents total problem size, which is equal to 50 and 30 for the
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Table 4.4. Ranking scores evaluated using VIKOR and TOPSIS methods for basic and complex math-
ematical benchmark functions

Basic benchmark functions Complex benchmark functions
Methods VIKOR TOPSIS VIKOR TOPSIS
Q; Rank R; Rank Q; Rank R; Rank
SA 0.5000 6 04946 7 09355 7 04187 7
VS 0.0781 4 0.8455 3 0.3760 2 0.8163 3
GA 0.3468 5 0.5364 6 0.5399 5 0.6604 6
DE 0.0351 3 0.8327 4 04694 4 09749 1
PSO 0.6598 7 0.7680 5 0.6308 6 0.6920 5
ABC 0.0154 2 0.9338 2 0.4521 3 0.7328 4
EFO 0.0000 1 09879 1 0.0000 1 09113 2

basic and complex problem sets, respectively. Table 4.4. shows the rankings of EFO and its
competitor heuristics evaluated separately on the basic and complex benchmark functions.
The VIKOR and TOPSIS ranking values that are evaluated on the basic benchmark set and
the VIKOR ranking values that are evaluated on the complex benchmark sets support the su-
perior performance of EFO over its competitors as well. However, according to the TOPSIS
ranking values, EFO showed a worse performance than DE but much better than the other

competitors on the complex benchmark function set.

The convergence rate indicates how long it takes for an algorithm to find a solution. The
problem known as premature convergence occurs when an algorithm converges to a local
optimum and is no longer able to explore other parts of the search space [146]. To reveal the
comparative convergence capability of EFO, the change in fitness value obtained from basic
and complex mathematical benchmark functions with respect to the iteration is compara-
tively shown in Figure C.1. through C.3.. Because SA is not an iteration-based heuristic, it
is excluded from all these figures. The convergence behaviors demonstrate that EFO showed
better or at least highly competitive performance on the problem set with respect to the con-
vergence speed and also that VS, which showed a much more compelling performance than
most of the other competitors, exhibited much slower convergence behavior on almost all of

the problems.
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4.3. Performance Analysis on Machine Learning Tasks

As a subfield of Al, machine learning provides an ability that automatically learns and im-
proves itself from the past experience without a human intervention. The abundance of data
in the recent decades has made too hard to extract the useful knowledge from such big data,
or to recommend the most relevant content by eliminating trivial, noisy information. That’s
why machine learning algorithms, which can easily overcome the information overload, has
gained so much popularity today. Machine learning algorithms have been categorized based
on what they target to achieve with the data they process, which is referred as rask in the
literature. Clustering, classification, and regression are examples to popular machine learn-
ing task. In this part of the thesis, EFO algorithm has been evaluated as a machine learning
algorithm on two most popular machine learning tasks: clustering and classification. The

definitions of these tasks have been explained in the following sections.

4.3.1. Clustering

Clustering is a process that aims to determine the optimal cluster centers to gather objects
with great similarities into the same cluster or, in other words, to separate different objects
from the same cluster as much as possible. Here, the distance measurement generally deter-
mines the similarities among objects. The formal definition of the clustering problem, also
known as unsupervised learning in the literature, is as follows: given O objects, assign every
object into one of C clusters such that it minimizes the Euclidean distance between every

object and the center of the cluster to which it belongs:

o ¢
J(w,z) = ZZwUsz — z|? (15)

i=1 j=1

where z; and z; are the locations of the object 7 and cluster j, respectively. w;; is a weight

parameter that takes either 1 (if ¢ belongs to the jth cluster) or O (otherwise).
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The goal of an optimization algorithm is to find the optimal C cluster centers from an infinite
number of candidate cluster centers by minimizing the fitness function. Every individual in
EFO represents a candidate solution to the clustering problem, which is actually a vector
containing C clusters. The cost function for determining the quality of the :th individual in
EFO is adopted as follows:

1 DT'rain

f; S d(ay, pf e ) (16)

DTTain

Linown (CE])

where D74, 1s the number of instances used for training purpose and pic is the

label of the class to which instance x; belongs to.

The performance of EFO as a clustering technique is investigated in this experiment. In
order to achieve that, 13 datasets from a well-known database repository in literature, the
UCI repository [147], are used. Each dataset contains actual data collected from different
domains. These datasets and their features are listed in alphabetical order in Table 4.5.. In this
table, the total number of objects (O) and clusters (C); number of features (F); percentages
of continuous, integer, Boolean values (%num), and nominal values (%symb); flag (miss)
indicating whether a dataset contains missing attribute values; and percentage of classes

(%omajor) to which the majority of instances belongs are listed.

Table 4.5. Properties of datasets used for clustering.

0 C F  Y%num Y%symb miss Y%major

Balance 625 3 4 100 0 No 46
Cancer 569 2 30 100 0 No 63
Cancer-Int 699 2 9 100 0 Yes 66
Credit 690 2 51 40 60 Yes 56
Dermatology 366 6 34 97 3 Yes 31
Diabetes 768 2 8 100 0 No 65
E-Coli 327 5 6 88 12 No 43
Glass 214 6 9 100 0 No 36
Heart 303 2 35 100 0 Yes 54
Horse 364 3 58 32 68 Yes 61
Iris 150 3 4 100 0 No 33
Thyroid 215 3 5 100 0 No 70
Wine 178 3 13 100 0 No 40
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4.3.1.1. Clustering results

Contrary to the mathematical (see Section 4.2.) benchmark problems, where the formulation
of the problem directly measures the performance of an algorithm, this experiment comprises
two phases: training and testing. We have used the first 75% of every dataset for the training

purpose and the last 25% for the testing purpose.

The first phase of this experiment, training, is crucially important for evaluating the learning
capability of the algorithm. It should be noted that, as in [148] and [149], the purpose of the
clustering in this study is to learn the optimal clustering centers with a priori knowledge of
the number of clusters. However, there are also studies [150, 151] in the literature that aim to
optimize also the number of clusters. Optimal cluster centers are learned through the training

phase according to Eq. 16.

Testing reveals how well an algorithm classifies instances taken as a subset of the whole
dataset. In the testing phase, every instance in the test dataset is assigned to a class depend-
ing on the Euclidean distances to the cluster centers learned in the training phase. For a
performance assessment of EFO; CEP, the percentage of misplaced instances in the whole

test dataset, is used as the performance metric:

CEP # of misplaced instances

~ total number of test instances 17
The comparative CEP and ranking values obtained from the testing phase are shown in Ta-
ble 4.6.. The results indicate that EFO performs best on 11 out of 13 problems. The com-
parative findings of the first two experiments strongly support the NFL [2] theorem. GA that
performs worse in the first experiment shows very compelling performance on the clustering
problems, whereas VS and PSO that are very competitive in the first experiment are inferior
in this problem. To reveal the overall performance of the algorithms, the average CEP values
calculated from all the problems and general ranking based on the average values are pro-
vided in Table 4.7.. Upon close inspection of the average CEP values and the rankings, it can
be seen that EFO shows the best performance overall.
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Table 4.6. Classification error percentages and rankings (within parenthesis) of the algorithms on

clustering problems.

Problem SA VS GA DE PSO ABC EFO
Balance 2564 (2) 57.053) 25(1) 25 (1) 2564 (2) 25(1) 25 (1)
Cancer 6.34 (3) 31.69(5) 4.93(1) 5.63(2) 7.04 (4) 493 (1) 493 (1)
Cancer-int 2.86 (1) 6.86 (2) 2.86 (1) 2.86 (1) 2.86 (1) 2.86 (1) 2.86 (1)
Credit 21.51 (1) 4942(5) 25(2) 26.16 (3) 26.16(3) 40.7(4) 26.16 (3)
Dermatology 6.52 (2) 65.22(7) 2391(6) 7.61(3) 8.74) 1848 (5) 5.43(1)
Diabetes 2292 (2) 63.02(3) 2292(2) 224(1) 2292 (2) 224() 224 (1)
E-coli 1463 (1) 939(2) 14.63 (1) 14.63(1) 1585(1) 14.63(1) 14.63(1)
Glass 39.62 (2) 88.68(5) 41.51(3) 37.74(1) 52.83(4) 52834 37.74(1)
Heart 17.11(1) 38.16(3) 1842(2) 17.11(1) 1842(2) 17.11(1) 17.11(1)
Horse 4396 (5) 46.15(6) 40.66(3) 42.86(4) 3297(1) 36.26(2) 42.86(4)
Iris 2.63 (1) 8421 (2) 2.63(1) 2.63 (1) 2.63 (1) 2.63 (1) 2.63 (1)
Thyroid 5.66 (1) 2642 (2) 5.66(1) 5.66 (1) 5.66 (1) 5.66 (1) 5.66 (1)
Wine 4.44 (1) 51.11 (3) 444 (1) 4.44 (1) 6.67 (2) 4.44 (1) 4.44 (1)
# of 1st ranking 7 0 7 9 5 9 11

Table 4.7. Average classification error percentages and ranking of the algorithms on clustering prob-

lems.
SA VS GA DE PSO ABC EFO
Average CEP 16.45 53.99 17.89 16.52 17.57 19.07 16.30
Rank 2 7 5 3 4 6 1

4.3.2. Classification

As in clustering, classification also categorizes the objects into one or more classes depending
on the problem itself. Classification primarily differs from clustering in that predefined label
vector assigned to each instance of the data is available in classification. That’s why clas-
sification is a supervised learning approach, whereas clustering is an unsupervised learning
approach. Depending on the problem characteristic, classification can be viewed as binary
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classification and multi-class (or multi-nominal) classification. 1t is called as binary classi-
fication when the objective is to classify instance one of two classes; similarly it is called
as multi-class classification when the objective is to classify instance one of more than two

classes.

In this experiment, EFO algorithm has been run as a supervised learning algorithm for the
classification task on both binary and multi-class classification problems. The proposed stan-
dard EFO algorithm, as seen from Section 3., is a real-parameter optimization algorithm
targeting constrained and unconstrained mathematical benchmark problems. That’s why it
cannot be applied on classification problems directly. ANN has been utilized in this experi-

ment in order to adapt EFO for such problem types.

ANNSs are special computing computing systems employed in machine learning to perform
various machine learning tasks. Simulating the biological nervous system, ANNs are re-
garded as a simplified model of a brain. An ANN has a number of layers in which tens,
or even hundreds of computing units, called as neurons, take part. Each neuron at a layer
is interconnected to neurons at other layers. ANN layers are categorized as input, hidden,
and output. Input layer is the first layer that brings the data to the system to be processed
through intermediate layers (hidden layer). The output layer is the final layer that produces
the outcome of the system. The connections between the layers have weights and activation
functions which determine the magnitude of a signal/message outgoing from the source neu-
ron. An example of 3 layer-, or 1 hidden layer-, ANN (with 4 neurons at the hidden layer)
is given in Figure 4.1. ANN calculates an output value with respect to an input of a given

system and magnitude values of each neurons, then evaluates an error (E) value.

The main purpose of ANN is to find optimum magnitude values of each neuron so that
it produces a higher accuracy estimation. In other words, ANN optimizes the magnitude
values between neurons to obtain desired output of system of interest. Therefore, it relies on
different learning algorithms to produce a knowledge from the data provided. The output of

ith neuron at kth layer is given below:
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input hidden output
layer layer layer

Figure 4.1. An illustration of a feed-forward neural network with three layers.

of = fF D o wl T ok (18)
j=1

where of is output value, fF is activation function and b¥ is bias weight of the ith unit in the

kth layer. w® !

;;  1s connection weight between neurons j and i at layers k-1 and k, respectively.

n is neuron size (see Figure 4.2.).

MSE is often used as error measurement in ANN, therefore the error (E) value calculated by

ANN is given as below:

1
E=35> > (&) (19)

S
p=1 k=1

where P and S represent total numbers of instances and the neurons at output layer, respec-

tively. d} and o}, are desired and actual output values of pair p respectively.

The success of estimation driven by ANN is strongly dependant both on the data (that is
provided at the input layer) and on the weight vectors that is optimized by the learning

algorithm. EFO has been employed here in order to find the approximation of the global
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(k — D" layer k" layer

Figure 4.2. A demonstration of output calculation for neuron i at layer k.

optimum weight vector of the problem of interest. In short, EFO algorithm has been adapted
to solve classification problems by optimizing the weight vector of ANNs. The framework

employed in this experiment is shown in Figure 4.3.

Generated new weight vectors

Fitness (error) evaluation through ANN EFO Algorithm
 initial fitness
weight vectors v values _ |~ Active search -
- > N

v
i

i

i

i

' .

i~ Passive search [
i

i

i

i

i

input hidden output
layer layer layer ]

weight vectors

Figure 4.3. A framework of EFO classifier algorithm.

The proposed classifier framework works as follows:
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1. Generation of initial weight vectors: It corresponds to the initialization of population
phase in EFO. So, vector size is equal to the population size while vector length is equal
to the problem size. Not only the problem itself determines the problem size here,
but also the number of hidden layers, the number of neurons at every layer, and the
number of biases connected to neurons. Here, in the experiments, 1 hidden layer-ANN
is constructed. Hence problem dimension is (PSS x HS + BH )+ (HS x OS + BO).
Here PS represents the problem (attribute) size; H.S and OS are, respectively, the
number of neurons at the hidden and output layers; BH and BO are the number of
bias units connected to neurons at the hidden and output layers, respectively. Every
unit value at each weight vector is initially takes a random value between -1 and +1,

which corresponds to lower and upper bounds of the experiments, respectively.

2. Error measurement through ANN: It corresponds to the evaluation of weight vector.
So F is calculated separately on every weight vector. Apart from the weight vectors,
the data with its label vector is provided to ANN. Sigmoid function (= 1/(1 + e™%))
has been used as an activation function between layers. Therefore, the output value
of each neuron is restricted to be between 0 and 1. While the neuron size at the input
layer is equal to the number of attributes, the neuron size at the output layer is equal
to number of classes to be predicted. Here, the output layer is encoded according to
the number of classes for the multi-class problems (note that binary-class problems
can be represented by only one neurons producing either O or 1). Therefore, for the
multi-class problems, the number of neurons at the output layer is set to the number
of classes of the problem of interest. An example output layer for the problem Iris,
where Setosa, Versicolor, and Virginia are the classes of the problem, is illustrated in

Figure 4.4..

3. Generation of new weight vectors: It is the phase where the standard EFO algorithm
(Section 3.) is applied. In this phase, new candidate vectors are generated through
active and passive searches in order to find the least error compared to the previous
iteration. The generated solutions (weight vectors) are again evaluated through ANN

(Step 2) and the evolution continues until the termination criteria is satisfied.
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Problem: Iris

Number of classes: 3 (Setosa. Versicolor. Virainica)

P97
P97
P97

Setosa Versicolor Virginica
Figure 4.4. An output layer representation in ANN for Iris problem with 3 classes.

Table 4.8. Parameter List Used for Classification

Problems & Values

Parameter Benchmark problems Botnet detection
Number of neurons in hidden layer 25 5

Run time 10 10

Maximum cycle 1000 2000

Population size 40 40

To show the performance of EFO as supervised learning approach, two different test sets
are employed. The first set comprises of 13 benchmark problems that are also used in the
clustering experiment (see Section 4.3.). The main objective here is to investigate how better
EFO algorithm can categorise the objects into the classes than the competitor methods can.
The second test set, however, comprises of a real-world problem known as botnet detection.
The parameter settings for the two experiments have been given in Table 4.8.. The parameter
values of the algorithms given in Table 4.2. have also been used in this experiment. The
experimental results as well as the detailed problem definition of botnet detection have been

given in the following sections.

4.3.2.1. Classification results

The comparative algorithms employed in clustering problem have also been used in this

experiment. Each of the competitor methods, including EFO, has been run as a supervised
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learning method to optimize weight vector of ANN in the framework (see Figure 4.3.). To
ensure a fair comparison they have been run under the same conditions. As in the clustering
experiment, the first 75% of the individual dataset has been used as training whereas the

remaining part (25%) has been used for testing in the experiments as well.

MSE (see Equation 19) has been used in error measurement for training, while CEP (see
Equation 17) has been used for performance evaluation in testing. The convergence of every
algorithm (except SA as it is not an iteration-based algorithm) has been given in Figure 4.5..
The problem-based CEP performances of EFO and the competitor methods as well as their

rankings are given in Table 4.9. and the overall CEP values are given in Table 4.10.

Table 4.9. Classification error percentages and rankings (within parenthesis) of the classification al-

gorithms.
Problem SA VS GA DE PSO ABC EFO
Balance 1551 (3) 1545(2) 1840(7) 1513(1) 17.05(5) 17.50(6) 15.96(4)
Cancer 8.80(6) 239(1) 373(4) 3.1033) 486(5 28922  2.39()
Cancer-int 8.51 (7) 251 4) 2.34 (2) 2.91 (6) 2.69 (5) 2.40 (3) 1.89 (1)
Credit 20.12(5) 1855(3) 20.23(6) 1791(2) 20.12(5) 18.60(4) 16.51(1)

Dermatology 1598 (4) 21.41(5) 29.13(6) 1554(3) 3554(7) 1228(2) 10.00 (1)

Diabetes 2729 (7) 2297(5) 2234(3) 22.03(1) 2333(6) 2219(2) 22404
E-coli 3146 (7) 2171 (4) 29.76(6) 19.39(3) 27.56(5) 13.29(2) 10.49(1)
Glass 56.79(7) 34.34(1) 55.85(6) 3566(2) 50.19(5) 42.45(4) 35.85(3)
Heart 19.87(6) 1724(4) 16.84((3) 16.05(2) 17.76(5) 16.05(2) 15.53(1)
Horse 3890(5) 35.16(1) 36.26(3) 3835(6) 37474 3538(2) 39.67(7)
Iris 1895(7) 6.84(4) 13.68 (6) 5.26(3) 9.74 (5) 447 (2) 3.42 (1)
Thyroid 16.04 (6) 4.72(3) 2245(7)  3.40(1) 12.08 (5) 5.094) 4.53(2)
Wine 10.00 (5) 3.33(2) 5.78 (4) 4.89 (3) 14.89 (6) 3.33(2) 2.22 (1)
# of 1st ranking O 3 0 3 0 0 8

Table 4.10. Average classification error percentages and ranking of the classification algorithms.

SA VS GA DE PSO ABC EFO

Average CEP 22.17 15.89 21.29 15.36 21.02 15.07 13.91
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Table 4.10. Average classification error percentages and ranking of the classification algorithms.

SA VS GA DE PSO ABC EFO
Rank 7 4 6 3 5 2 1

The CEP results reveal that EFO has shown the best performance by far than the competitors.
It has become the best classifier on 8 problems out of 13 (these problems have been given
in bold in the table). EFO only shows the worst performance for the horse problem. ABC
is the second superior algorithm considering its overall CEP performance; however it has
been unable to find the least CEP value on any problem. DE and VS have shown equal
performance and, considering their outstanding convergence performance during training, it
can be concluded that they face over-fitting problem. It is worth mentioning that while DE
has shown good performance in clustering; it is not the case in in classification. Similarly,
SA and GA, which perform reasonably well performance in clustering have shown the worst

performances in classification. These results supports the NFL theorem.

4.3.2.2. Classification results for botnet detection

Botnet is a network of compromised systems called as bots or zombies which are controlled
through a special Command and Control (C&C) channel by an intruder node known as bot-
master. By taking advantage of computational resources of bots, botnets are used for per-
forming several distributed illegal activities such as spamming, distributed denial-of-service
attacks. The increasing size of botnets have now reached to an unprecedented level such that
more than 80% of the Internet traffic is propagating through botnets [152]. Distributing such
bots are cheap, however they could have drastic effects on the economy. It is reported that
malware distribution has caused a damage of 13.2 billion to 67.2 billion USD to the global
market within only two years in the past [152]. Hence, developing robust and effective de-

tection systems towards different forms of botnets has become a must.
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Figure 4.5. Convergence of the classification algorithms



Experiment and Findings

In this experiment, the classification performance of EFO on botnet detection is explored. As
explained earlier, every individual in EFO represents the weight vector of ANN that it has
trained. The convergence of that weight vector to the optimum weights ensures an emergence
of a fine botnet detection that truly discriminates bot flows the benign flows. Instead of the

MSE, Equation 20 has been used as error/loss function in this experiment.

o (1- (T}; — FP)) 20)

Here TP and FP are the true and false positive rates, respectively. The detailed definitions
of these metrics are given in the following sections. Loss error can range from O (for the
base case when TP = 1, FP = 0) to 1 (for the worst case when TP = 0, FP = 1). The reason
behind using this equation instead of the MSE is the imbalanced botnet dataset which con-
tains 2,390,624 benign flows and only 79,428 botnet flows). If MSE was used as the loss
function, the detection system would yield a low error rate (~0.0321), even when it detected
every flow including malicious flows as benign, which would let the learning algorithm to

over-stimulate only the benign flows neglecting the bot flows.

In order to avoid the over-fitting problem and also to reduce the computational complexity,
neurons at the hidden layer has been pruned in the experiments. It is empirically observed
that a network having five neurons at the the hidden layer is good enough for a high per-
formance. The following sections explain i) the existing botnet detection approaches in the
literature, ii) the dataset, iii) the flow generation , iv) test metrics, and v) experimental find-

ings.

Competitor approaches on botnet detection:

Machine learning-based techniques have already been proposed to detect different types of
botnets (i.e., IRC, HTTP, and P2P) within recent years. However, most of these approaches
employ deep packet inspection, which cannot analyze encrypted traffic. Given that the major-
ity of today’s network traffic is encrypted, researchers have moved their focus on developing

flow-based detection systems as complementary to such systems recently. In the experiments,
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some of these flow-based detection approaches are used for comparison. These approaches

are explained in the following paragraphs.

Huseynov et al. [153] proposed an approach built on similarity of communication patterns
between botmasters and bots. It relies on a semi supervised method where only 10% of all
traffic was labeled. Firstly, similar activities are clustered by using ant colony optimization
and then, clusters are identified based on their similarities with the labeled data. Narang et
al. [154] applied different feature selection methods for identification of botnet activities.
The authors concluded that the build time of the algorithm increases considerably when the

full feature set is employed.

Kirubavathi et al. [155] proposed a method for detecting HTTP-based botnets. Therefore, the
inputs to the proposed neural network consist of only TCP related features. They extended
their study in [156] to study other types of communication schemes (IRC & P2P) and to
investigate other classification methods (i.e., J48, NB, SVM). In another study based on
neural networks, Nogueira et al. [157] proposed a framework called botnet security system
(BoNeSSy) where the historical profiling provided by each application were used to train
ANN through BP algorithm [158].

A behavioral-based P2P botnet identification system was proposed by Saad et al [159]. They
regarded network traffic as data stream where bots tend to behave differently over time.
The authors also studied the ability of five different learning algorithms for online botnet
detection. Although the performance of these algorithms was promising (the best detection
accuracy was achieved by SVM), they were not enough to satisfy all the requirements of
an online detection system. Another behavioral-based botnet detection method proposed
by Wang et al. [160] identifies malicious domain names and IP addresses by using a FPR

technique.

Livadas et al. [161] proposed an IRC-based botnet detection system of two stages. The
first stage filters out non-chat flows. In the second stage, real chat flows are distinguished
from botnet flows using J48, NB, and BNC. Fedynyshyn et al. [162] proposed a host-based

approach to detect botnet traffic by also employing RFC and J48 classifier.
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Botnet datasets:

Two well-known botnet datasets are employed in the experiments. The first dataset called
ISOT dataset [163] is the combination of publicly available different datasets comprising
of bot traffics from the French Chapter of Honeynet Project [164] and benign traffics from
both the Traffic Lab at Ericsson Research in Hungary [165] and the Lawrence Berkeley
National Lab (LBNL) [166]. Bot traffics are belonging to the P2P Storm and Waledac botnets
captured from 2007 to 2009. Benign traffics, on the other hand, were recorded from everyday
traffics such as HTTP web browsing, gaming packets, torrent packets like Azureus. Even
though the ISOT dataset is big enough to train a classifier, an additional dataset called the
CICIDS2017 dataset [167] which contains more up-to-date bot activities is used in this study.
It was generated from 5-days of traffic captures between July 3 and July 7 in 2017 and
different attacks were implemented and captured for each day. In the experiments, only the
traffic captured on July 7, 2017 is used, since it contains both malicious and benign data.
Refer to [163] and [167] for the detailed description of the ISOT and CICIDS2017 datasets,

respectively.

Flow generation:

CICFlowMeter (or ISCXFlowMeter) [168], a Java-based bidirectional flow generator and
analyzer tool integrating jNetPcap [169] library, has been used to generate traffic flow com-
prising of IPv4 packets and to extract all traffic-related features. It supports 78 traffic-related
statistical features calculated separately for the forward and backward directions as well as
other attributes identifying the flow such as flow ID, source and destination IPs and ports, and
protocols. The identifying attributes of traffic flows such as IP addresses have been removed
from the feature set as they might not be good indicators especially when the training and
testing data come from different network domains. The tool terminates a flow depending on
the flow timeout and the FIN flag. In this study, the flow timeout value has been set 30 mins.
It labels a flow bot or benign considering the IPv4 addresses of the sender or the receiver. The
feature set generated through the CICFlowMeter has been provided in Table D.1. and refer
to [168] for the detailed description of these features. A normalization process is carried out

and the values of features are mapped to a range from O to 1 using the Weka machine learning
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tool [170]. In the final step, the first 70% of the individual flows has been used for training

and the remaining 30% of the individuals flows has been used in testing in this experiment.

Performance metrics:
In order to evaluate the performance of EFO on botnet detection, the following performance
evaluations metrics are employed: accuracy, precision, recall, and FI Score. The calculation

of accuracy is given in Eq. 21.

(TP +TN)

21
(TP +TN + FP + FN) 1)

accuracy =

where TP, T'N, F'P, and F'N are the well-known metrics indicating true positive, true
negative, false positive, and false negative rates, respectively. For the problem addressed
here, T'P represents the number of correctly detected bot traffics. F'P represents the amount
of benign traffics misclassified as bot traffics. 7'V (the amount of correctly classified benign
traffics) and F'N (the amount of bot traffics misclassified as benign traffic) are the other

metrics complementing the F'P and T'P, respectively.

Apart from the accuracy; precision, recall and F1 score are other performance evaluation
metrics that have been used to interpret the performance of the evolved best model in this
study. Precision (Eq. 22) represents the ratio of the correctly labelled bot flows to all flows
labelled as bots by the model.

TP

(TP + FP) 22)

precision =

Recall (Eq. 23), or sensitivity, gives how good the model detects the flows belonging to botnet

traffic.

TP
l=—er—— 2
reca TP+ FN) (23)
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F1 score (Eq. 24), or F-Measure, is the weighted average of precision and recall and it takes
both false positive and false negative rates into account. F1 score may be a more useful than

other metrics for uneven class distribution.

2 x (recall X precision)

F1 Score = (24)

(recall + precision)
Results:
The proposed approach has been run 10 times under the same conditions on both datasets,
namely ISOT & CICIDS2017 datasets. The obtained test results reveal that EFO-based bot-
net detection system is able to detect bot flows with the accuracy ranging from 83.03 to
90.99. The accuracy, recall, precision, F1 score values calculated of the best model is pro-

vided in Table 4.11.. The corresponding convergence plot captured on the training is given

in Figure 4.6..
Table 4.11. Performance of EFO on botnet detection.
Accuracy Recall Precision F1 Score
9.098781e-01 9.379968e-01 8.880549¢e-01 9.123429e-01

The best performance has also been compared with some of the existing botnet detection
approaches . It is worth mentioning that, it is hardly to conduct a fair comparison because
of the different network environments and hence datasets employed by different approaches

[171].

The findings reveal that the proposed ANN-EFO has outperformed the approaches proposed
by Huseynov et al. [153], Nogueira et al. [157], and Saad et al. [159]; while it has shown com-
petitive to the approaches proposed by Livadas et al. [161], Narang et al. [154], Fedynyshyn
et al. [162], Yilmaz and Sen [173]; but become inferior to the other approaches proposed by
Wang et al. [160], Kirubavathi and Anitha [155], and Kirubavathi and Anitha [156].
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Figure 4.6. Convergence of EFO on botnet detection.
Table 4.12. Comparison of EFO with other approaches on botnet detection

Study Method Dataset C&C structures Accuracy (%)
Huseynov et al. [153] ACO 1ISOT P2P 72.15
Nogueira et al. [157] ANN-BP Generated traces IRC, P2P, HTTP 87.56
Saad et al. [159] SVM ISOT P2P 89.00
Huseynov et al. [153] ACO 1SOT pP2p 89.85
Livadas et al. [161] BNC Dartmouth trace [172] IRC 92.00
Narang et al. [154] BNC ISOT & Generated trace P2P 92.55
Fedynyshyn et al. [162] RFC Generated traces IRC, P2P, HTTP 92.90
Yilmaz and Sen [173] GE ISOT & CICIDS2017 P2P 92.92
Wang et al. [160] FPR Generated traces IRC, P2P, HTTP 95.00
Yilmaz and Sen [173] GE CICIDS2017 P2P 95.09
Yilmaz and Sen [173] GE ISOT P2P 96.24
Kirubavathi and Anitha [155] ANN-BP Generated traces HTTP 99.02
Kirubavathi and Anitha [156] NB ISOT & Others* IRC, P2P, HTTP 99.14
Present study ANN-EFO ISOT & CICIDS2017 P2P 90.99

* In this dataset, 11 datasets including various types of bots like Skynet, Rbot and etc. are combined.

4.4. Performance Analysis on Constrained Design Problems

4.4.1. Problem definition

The main purpose of this experiment is to validate the performance of EFO on real-world
problems, as most of these problems involve equality and/or inequality constraints. Differ-

ent approaches have been proposed in the literature to handle design constraints. Because
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of its simplicity and ease of implementation, the common approach to handle constrained
problems is the penalty method. The penalty method maps the constrained search space to
the unconstrained search space through a penalty function that introduces all the equality and
inequality constraints into the fitness function of the problem, such that it penalizes all the
constraint violations (see Eq. 25). In this experiment, the penalty method has been employed

as a constraint handling method.

minTI(X) = f(X) + ) 405 (X) + Y ongi(X) (25)
j=1 k=1

In this equation, n and p stand for total number of inequality and equality constraints that are
violated by a solution vector (.X), respectively; g; and g, represent the costs of jth inequality
and ith equality constraints achieved by X, respectively; and p(> 0) and v(> 0) are the
magnitudes employed for the inclusion of constraints in the fitness function. These values
should be fine-tuned, as an excessively large value considerably increases the complexity of
the search space and feasible solutions may not be found throughout the run; an excessively
small value, however, leads to a constraint violation problem as it does not yield a consider-
able cost to the problem fitness. It is empirically observed that EFO is able to yield feasible
solutions when y and v are taken as 10*. Therefore, they are set to 10* in the experiments.
The penalty function is equal to the fitness function, i.e., II(X) = f(X), when a solution

found is feasible.

In this experiment, the five most popular real-world engineering benchmark problems have
been chosen: welded-beam, spring design, pressure vessel, three-bar truss design, and speed
reducer. These problems are introduced in the following paragraphs and their definitions are

given in Appendix E.

4.4.1.1. Welded-beam design problem:

The main goal is to manufacture a beam that is made of low-carbon steel (C-1010) and

welded to a rigid member within a minimum fabrication cost. This problem was introduced
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to the literature as a benchmark structural engineering problem by Rao [174]. Figure 4.7.

presents the beam and the member.

Front view Top view

h beam
|

f

member

member
beam T

Figure 4.7. Welded-beam design.

The problem has four design parameters and five inequality constraints. The parameters to be
optimized are h (1), the thickness of the weld; [ (), the length of the welded joint; 7 (x3),
the width of the member; and b (x4), the thickness of the member. The first two variables
are discrete and are multiples of 0.0065. EFO is adopted by rounding the values of these
parameters to the nearest integer. The bound constraints of these parameter variables are:

0.125 < x1 <5and 0.1 < z9, 23, 24 < 10.

4.4.1.2. Spring design problem:

The purpose is to obtain a minimum-weight spring to achieve its optimal parameter val-

ues [175]. The problem with the variables to be optimized is demonstrated in Figure 4.8..

N

- e
T -

Figure 4.8. Spring design problem.
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There are three design variables and four inequality constraints in this problem. The wire
diameter d (x;), the mean diameter D (z5), and the number of active coils N (z3) are the
design variables of this problem. The bound constraints of these parameters are 0.05 <

r1 <1,025 <2y <1.3,and 2 < 23 < 15.

4.4.1.3. Pressure vessel problem:

The pressure vessel problem, where the objective is to minimize the cost value including
welding, material, and forming costs, has four design variables and four inequality con-
straints. The problem was proposed by Sandgren [176]. Figure 4.9. depicts the schematic
of the problem with its design parameters. The thickness of the shell 7§ (x;), the thickness
of the head T}, (x-), the inner radius R (z3), and the length of the cylindrical section of the

vessel L (x4) are the design variables.

Figure 4.9. Pressure vessel design problem.

The bound constraints of these design variables are: 1x0.0625< 2z, x5 <99x0.0625 and
10 < 23,24 < 200. The first two variables (the thicknesses) are discrete and multiples of
0.0625. As in the welded problem, EFO is adopted here by rounding the values of these

parameters to the nearest integer to handle discrete variables.

95



4.4.1.4. Three-bar truss design:

The three-bar truss design problem is one of the well-known constrained mechanical design
problem in the literature, where the objective is to design a three-bar truss through minimiz-

ing the volume. The schematic is given in Figure 4.10..

~ P

Figure 4.10. Three-bar truss design problem.

As shown in the schematic (Figure 4.10.), there are two parameters to be optimized in this
problem, which represent the cross-sectional areas (x; and x5). The bound constraints of
these parameters are 0 < z7,72 < 1. The problem also has three inequality design con-

straints.

4.4.1.5. Speed reducer:

The speed reducer problem, proposed by Golisnki [177], represents the design of a gearbox.
The objective of this problem is to minimize the total weight of the speed reducer. The

schematic of the speed reducer problem is given in Figure 4.11..

As seen from Figure 4.11., there are seven design variables (three of these, from x5 to x4,
lie at the boundaries of the feasible search space) and eleven design constraints, four of
which are linear and seven are nonlinear, which makes this problem a much more challenging
benchmark [178]. The face width d (x1), module of teeth m (x5), number of teeth in the
pinion z (x3), length of the first shaft between bearings [; (x4), length of the second shaft
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Figure 4.11. Speed reducer design problem.

between bearings /5 (x5), diameter of the first shaft d; (x4), and diameter of the second shaft
ds (z7) are the design parameters to be optimized. The bound constraints are: 2.6 < z; <
3.6,0.7 <2y <08, 17T <23 <28, 73 <2y <83,78 < w5 <83,2.9 < x5 < 3.9, and
b <xy <H.5.

4.4.2. Results

The performance of EFO has been tested through 30 separate runs for every problem intro-
duced in Section 4.4.1., as in the first experiment. A cost function in which fitness function
of the problem as well as all its constraints are included through the penalty method has been
targeted for optimization in this experiment. The obtained best, average, and worst perfor-
mances as well as the average search time, population size, and function evaluation numbers

are given in Table 4.13.

Table 4.13. General performance of EFO on the design problems.

Optimal parameter values
Problem Best Mean Worst Std. Dev.  Avg. Time (s) | « K  Pop. Size FEN
welded-beam 1.8555 2.2719 2.4984 0.1626 17.714 0.664 9 15 30,000
spring design 0.012650 0.012703 0.012789  4.23e-05 10.508 0990 12 15 30,000
pressure vessel  6,059.60 6,102.87 6,138.60 20.998 12.038 0989 13 25 50,000
truss design 263.895409  263.8954 263.8955 3.62e-05 5.0707 0.588 5 10 30,000
speed reducer 2,996.243 2,996.243  2,996.243  5.19¢-08 1.923 0989 6 10 10,000
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From the statistical findings in Table 4.13., it can be concluded that EFO showed a consis-
tent performance on the spring design, three-bar truss design, and speed reducer problems,
whereas it produced results with much higher deviation on the pressure vessel problem. In
spite of the much higher evaluation number used in the pressure vessel problem than that
used in the other problems, it is seen that the average time taken for EFO to complete the
search process is less than that in the welded-beam problem. This is due to the computational

complexity of the constraints of the welded-beam problem.

Detailed comparison of the best performance of EFO with the already proposed approaches
in the literature are presented in Tables 4.15. to 4.19. for the welded-beam, spring design,
pressure vessel, three-bar truss, and speed reducer problems. The minimum cost obtained,
optimal design parameter values to ensure a minimum cost, as well as the FENs to find this
cost are provided in these tables. The constraint values of the design problems obtained by

the EFO algorithm are given in Table 4.14.

Table 4.14. Constraint values of the best solution obtained by EFO for design problems.

welded-beam spring design pressure vessel speed reducer truss design

g(1) -22.3465 -0.0003 0.0000 0.0000 -0.0739
8(2) -959.2553 0.0000 -0.0359 -1.4642 -0.1980
8(3) -0.0023 -4.0382 -1.5256 -0.5358 -0.4992
g(4) -3.3271 -0.7326 -63.3700 - -0.9015
8(5) -0.1090 - - - 0.0000

8(6) -0.2352 - - - 0.0000

8(7) -2770.9099 - - - -0.7025
g(8) - - - - 0.0000

8(9) - - - - -0.5833
8(10) - - - - -0.0513
8(11) - - - - -0.0109
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Table 4.15. Comparison of the best EFO performance with other approaches on solving the welded-
beam design problem.

Researchers Method  FEN z1(h) xa(l) x3(t) x4(b) Cost

Akay and Karaboga [135] ABC 30,000 0.2057 3.4704 9.0366 0.2057 1.7249

Aragon et al. [68] TCA 320,000  0.2444 6.2186 8.2915 0.2444 2.3811
Bernardino et al. [86] GA-AIS 320,000 0.2444 6.2183 8.2915 0.2444 2.3812
Bernardino et al. [85] GA-AIS 320,000 0.2443 6.2202 8.2912 0.2444 2.3812
Datta and Figueira [76] PSO N.A. 0.1875 1.7821 8.2500 0.2500 1.9553
Gandomi et al. [67] ISA 30,000 0.2443 6.2199 8.2915 0.2443 2.3812
Gandomi et al. [67] CSGA 30,000 0.2443 6.2199 8.2915 0.2443 2.3812
Han et al. [73] STA 60,000 0.2053 3.2603 9.0366 0.2057 1.6956
Kanagaraj et al. [87] CSGA 25,000 0.2443 6.2175 8.2915 0.2444 2.3809
Montes and Ocana [71] BFO 48,000 0.2057 3.4711 9.0367 0.2057 2.3868
Wang et al. [136] BSA 60,000 0.2057 3.4704 9.0366 0.2057 1.7249
Zhang et al. [79] DE 24,000 0.2444 6.2175 8.2915 0.2444 2.3810
Zhang et al. [84] EA 28,897 0.2443 6.2201 8.2940 0.2444 2.3816
Present Study EFO 30,000 0.2340 3.1135 8.5707 0.2362 1.8555

From the comparative cost values in Table 4.15., it can be seen that EFO showed better
performance than TCA [68], GA-AIS [85, 86], PSO [76], ISA [67], and BFO [71], with a
much lower FEN. DE [79], EA [84], and CSGA [87] are also inferior to EFO, but with a
lower FEN than EFO. ABC [135], STA [73], BSA [136] are better methods for this problem
than EFO; however, they all considered the first two parameters as continuous, when in fact

they should be discrete and integer multiples of 0.0065 [178].

The results obtained from the spring design problem (see Table 4.16.) reveal that EFO
showed superior performance on the spring design problem in comparison to its all com-
petitors. It can also be seen that Q-PSO [75] and ISA [67] yield their results with the lowest
FENs, which are 2,000 and 8,000, respectively. NDE [78] and DE [79] used fewer function

evaluations than EFO to complete their search processes.
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From the best cost values obtained from the pressure vessel design problem, as shown in
Table 4.17., it can be concluded that EFO was able to produce the lowest welding, mate-
rial, and forming costs compared to the other methods, except for FOA [89] and STA [73].
However, the both methods considered the first two parameters as continuous. ISA [67] and
Q-PSO [75] are the two methods that complete the search with the lowest FENs to produce

their costs for this problem.

Table 4.16. Comparison of the best EFO performance with other approaches on solving the spring
design problem.

Researchers Method FEN z1(d) z2(D) xz3(N) Cost

Akay and Karaboga [135] ABC 30,000 0.051749 0.358179 11.203763 0.012665
Aragon et al. [68] TCA 36,000 0.051622 0.355105 11.384534 0.012665
Askarzadeh [69] CSA 50,000 0.0516890284 0.3567169544 11.2890117993  0.0126652328
Bernardino et al. [86] GA-AIS 36,000 0.051660806 0.35603234 11.329555 0.012666
Bernardino et al. [85] GA-AIS 36,000 0.0514305 0.3505298 11.6611924 0.012666
Dos Santos Coelho [75] Q-PSO 2,000 0.051515 0.352529 11.538862 0.012665
Du et al. [89] FOA 25,000 0.05206590 0.36570924 10.78621813 0.01267607
Gandomi et al. [67] ISA 8,000 N.A. N.A. N.A. 0.012665
Han et al. [73] STA 60,000 0.0516800 0.3565001 11.3018335 0.01266534
Mohammed [78] NDE 24,000 0.051689058 0.35671768 11.28896875 0.01266523
Montes and Ocana [71] BFO 48,000 0.051825 0.359935 11.107103 0.012671
Wang et al. [136] BSA 60,000 0.051743 0.358017 11.213187 0.012665
Zhang et al. [79] DE 24,000 0.05169 0.35672 11.289 0.012665233
Present Study EFO 30,000 0.051496 0.35248 11.523 0.012650

Table 4.17. Comparison of the best EFO performance with other approaches on solving the pressure
vessel design problem.

Researchers Method FEN z1(Ts)  x2(Th) z3(R) x4 (L) Cost

Akay and Karaboga [135] ABC 30,000 0.8125 0.4375 42.098446 176.636596 6,059.7147
Aragon et al. [68] TCA 80,000 0.8125 0.4375 42.098429 190.787695 6,390.554
Askarzadeh [69] CSA 250,000  0.8125 0.4375 42.09844539 176.63659855 6,059.7144
Bernardino et al. [86] GA-AIS 80,000 0.8125 0.4375 42.0973 176.6509 6,059.8546
Bernardino et al. [85] GA-AIS 36,000 0.8125 0.4375 42.094967 176.67972 6,060.138
Dos Santos Coelho [75] Q-PSO 8,000 0.8125 0.4375 42.0984 176.6372 6,059.7208
Du et al. [89] FOA 25,000 0.7804 0.3849 40.3888 199.1172 5,894.5981
Gandomi [67] ISA 5,000 0.8125 0.4375 42.09845 176.6366 6,059.714
Han et al. [73] STA 60,000 0.7785 0.3848 40.3389 199.7753 5,886.45436
Mohammed [78] NDE 20,000 0.8125 0.4375 42.0984 176.63659 6,059.71433
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Table 4.17. (continued).

Researchers Method FEN z1(Ts)  x2(Th) =3(R) z4(L) Cost

Montes and Ocana [71] BFO 48,000 0.8125 0.4375 42.096394 176.683231 6,060.460
Wang et al. [136] BSA 40,000 0.8125 0.4375 42.098497 176.635967 6,059.708274
Present Study EFO 50,000 0.8125 0.4375 42.099 176.6300 6,059.60

Table 4.18. Comparison of the best EFO performance with other approaches on solving the three-bar
truss design problem.

Researchers Method FEN 1 2 Cost

Askarzadeh [69] CSA 25,000 0.7886751284  0.4082483080  263.895843
Liu et al. [74] PSO-DE 17,600 0.7886751347  0.4082482900  263.895843
Mohammed [78] NDE 4,000 0.7886753196  0.4082477671  263.895843
Wang et al. [136] BSA 7,500 0.788675 0.408248 263.895843
Zhang et al. [79] DE 15,000 0.7886751359  0.4082482868  263.895843
Present Study EFO 30,000 0.7886970484  0.4081771662  263.895409

The results in Table 4.18. obtained from the three-bar truss design problem suggest that EFO
showed better optimization performance than all the competitor methods, but with more
function evaluations. Among the competitor methods, BSA [78] showed the fewest function

evaluations.

As seen from the results in Table 4.19., EFO showed overwhelmingly better performance
than ABC [135], GA-AIS [86], CSGA [87], PSO-DE [74], EA [83], DE [77], and TLBO [72]
on the speed reducer problem with fewer function evaluations. NDE [78], GA-AIS [85],
and BSA [136], however, were shown to be better methods to solve this problem. It is
worth mentioning here that although EFO has become inferior to BSA [136] it showed better
performance overall as the mean value yielded by BSA is much higher than that of EFO, at
2,998.0101. Given that the speed reducer problem differs from the other design problems

in the best feasible solution where two of the parameters lie at the boundaries, it can be
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concluded that EFO can still competitively handle the problems with such a complex search

space.

Table 4.19. Comparison of the best EFO performance on solving the speed reducer design problem.

Researchers Method FEN z1(d) xz2(m) z3(z) za(li) xs5(l2) x6(d1) @7(d2) Cost

Akay and Karaboga [135] ABC 30,000 3.49 0.7 17 7.3 7.8 33502 5.2878  2,997.0584
Bernardino et al. [86] GA-AIS 36,000 3.5 0.7 17 73 7.8 33502 5.2866  2,996.3483
Bernardino et al. [85] GA-AIS 36,000 3.5 0.7 17 7.3 7.7153  3.3502 52866  2,994.4712
Kanagaraj et al. [87] CSGA 25,000 3.5 0.7 17 7.6050 7.8181 3.35 5.2687  2,996.3482
Liu et al. [74] PSO-DE 54,350 3.5 0.7 17 73 7.8 33502  5.2866  2,996.3481
Mohammed [78] NDE 18,000 3.5 0.7 17 7.3 7.7153  3.3502 52866  2,994.4710
Montes et al. [83] EA 36,000 3.5061 0.7 17 7.4601 7.9621 3.3629 53089  2,996.3566
Montes et al. [77] DE 24,000 3.5 0.7 17 73 7.8 33502 5.2866  2,996.3566
Rao and Vakharia. [72] TLBO 10,000 N.A. N.A. N.A. N.A. N.A. N.A. N.A. 2,996.3481
Wang et al. [136] BSA 7,500 3.49 0.7 17 7.3 7.7153  3.3502 52866  2,994.4683
Present Study EFO 10,000 3.5 0.7 17 7.3 7.8 33502 5.2865  2,996.2430

102



5. MULTI-OBJECTIVE ELECTRIC FISH
OPTIMIZATION ALGORITHM

5.1. Multi-objective Optimization

Many real-life problems have two or more conflicting objectives to optimize. For example,
many solutions take into account not only the accuracy of the solution, but also its efficiency.
Multi-objective optimization aims to optimize these objectives simultaneously. A general

MOQOP is expressed in the following form:

Definition 1. (Multi-Objective Optimization Problem) A type of problem where the ob-
jective is to find a vector T = [z, x5, ..., ;] that minimizes the function vector f (a?*) )
satisfying the p inequality constraints g(a?:) and ¢ equality constraints h(z?*> ). Considering

Z is a decision variable vector, a function and constraint vectors can be written as follows?:

miné';nize f(@) = [[i(Z), fo(2),..., fu(Z)],
subject to
9(Z) = [91(F), g2(Z), ..., gp(T)] 0,
h(Z) = [hi(Z), ho(T), ..., h(Z)] =0

The region constrained by g and h is feasible region (£2) and any solution vector (Z) within

this region (i.e., Z € Q) is called as feasible solution.

As can be concluded from the definition, the fundamental distinction between MOOPs and
SOQPs is the number of objectives to be optimized. The objectives in the MOOPs are rep-
resented within the objective space, an n-dimensional space completely different from the

search (or decision) space. While there exists only a single solution that represents the global

’In case when the goal is maximization, minimize should be changed to maximize.
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Figure 5.1. Illustration of the search space and the objective space.

optimum in SOOPs, MOOPs can have more than one solution that represent optimum solu-
tions. Each of the optimum solution found from the search space of MOOP can be shown in
the objective space. Figure 5.1. reveals an illustration of k- and n-dimensional search and
objective space, respectively. Here, X! through X° represent the design vectors; whereas F'*

through F'° represent the corresponding the objective vectors.

There are many approaches proposed in literature in order to discover solutions for MOOPs.
Such approaches are categorised with the four classes: aggregating, lexicographic, subpop-

ulation, and Pareto-based [118].

Aggregating approach is the simplest approach to handle multiple objectives. The objectives
are scalarized in this approach through the existing methods like weighting sum approach,
e-constraint approach, and the like. Hence, MOOP can be mapped into a SOOP. The perfor-

mance of aggregating approach is highly dependant on the mapper approach.

Lexicographic approach ranks the objectives with respect to the importance given by the

system designer then optimizes the objective functions separately in the order of their ranks.
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While this approach is useful only when few objectives are used, it may tend to favor more
particular objectives as the number of them increases, which is the main weakness of this

approach [179].

Subpopulation approach decomposes the population into the subpopulations. So every sub-
population is assigned for each objective of the problem and behaves like a separate single-
objective optimizer. As in the lexicographic approach, the objectives are handled separately
here as well. Subpopulations somehow exchange information among them, then they are

recombined to provide a trade-off among different solutions.

Pareto-based approach is the most popular approach, hence the majority of the proposed
approaches in the literature falls in this category [110]. In this approach, the solution to
MOOPs is generally not unique, but a set of optimal, non-dominated solutions called Pareto
optimal. A decision vector 7 is said to dominate another decision vector 3/, if no criterion of
f () is worse than the corresponding component of f(¥) and at least one criterion of f(Z)
is better. So, the final set comprises solutions that are not dominated. Hence, the Pareto
front represents different trade-offs among conflicting objectives that decision-makers could

choose the most appropriate solution according to their needs.

The definition of the basic concepts of Pareto-based multi-objective optimization approaches
have been given in the following. It is important to note that the following Pareto definitions

are made with respect to the notations in MOOP definition (refer to Definition 1).

Definition 2. (Pareto Dominance) A k-dimensional solution @ = [uq,...,u] is said
to dominate another k-dimensional solution ¥ = [vy,...,v;] (denoted as © < 9); if
f(n) is partially less than f(7), i.e., Vi : fi(¥) < fi(¥)ATi: fi(w) < fi(V) i €

{1,...,n}; ¥, 7 € Q.

Definition 3. (Pareto Optimal) A solution ¥ is Pareto optimal if there is no other solution

— —
in ) that dominates u,i.e., -394 € Q: 4 < u.

Definition 4. (Pareto Optimal Set) A set P* that contains all the Pareto optimal solutions,
le,Pr={BeQ|-FaecQ:a=<ul
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Definition 5. (Pareto Front) A set PF™ that contains all the objective vectors of the Pareto

optimal set (P*), i.e., PF* = {f(u) | © € P*}.

In this thesis, three different implementations of EFO have been introduced by adopting some
concepts used for MOOPs. The main motivation of here is to enhance the promising EFO al-
gorithm for solving MOOPs. Some known schemes like non-dominated sorting proposed in
NSGA-II [16] have been included and a moderate number of modifications have been made
to the EFO algorithm to adapt EFO for solving MOOPs, to enhance the search performance
on this problem type, and to reduce the computation complexity of EFO. As a result of all
these modifications, PD-EFO, NS-EFO, and CB-EFO algorithms have been introduced and
shared with the community [31]. The proposed implementations of EFO have been applied
to solve well-known MOOP families and have been compared with each other with respect
to the most popular metrics used for performance evaluations: HV, SPREAD, EPSILON,
IGD. Then, the best-performing implementation (CB-EFO) has been reevaluated to reveal
its optimization performance in comparison to the well-known approaches in the literature,
namely NSGA-II [16], SPEA2 [17], IBEA [18], MOEAD [19], and MOCell [20]. The ex-
perimental results show that proposed CB-EFO algorithm outperforms other algorithms in
evaluations that are carried out by using all metrics but SPREAD. It only takes the second

place on evaluations that are made by using the SPREAD metric.

The design details of the proposed algorithms (PD-EFO, NS-EFO, and CB-EFO) are ex-

plained in details int the following sections.

5.2. Pareto Dominance-based EFO Algorithm

This is the base multi-objective optimization implementation of EFO where the least changes
have been applied. The main goal of this implementation is to measure the search capability
of the proposed EFO algorithm on the MOOPs. Therefore, the general search framework of
EFO given in Section 3. has been preserved. However, small modifications have been applied
so that proposed single-objective EFO can be applicable to MOOPs. These modifications
have been outlined in the followings and detailed thereafter:
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1. Pareto dominance-based frequency update,
2. Pareto dominance-based acceptance,

3. Keeping elite individuals through a Pareto dominance set.

5.2.1. Frequency update

The frequency update in EFO is strongly dependant on only a single objective. This approach
is not applicable for solving MOOPs where at least two conflicting objectives take part.

Therefore, this procedure should be made adaptable for such problems.

The total number of solutions that are dominated by every solution could be a good indicator
in revealing how good a solution found is because the quality of a solution for MOOPs
is mainly evaluated through Pareto dominance approach. As better individuals are more
promoted to perform local search in EFO, they are expected to have higher frequency when
compared to other, particularly poor, individuals. In order to ensure the same functionally in
PD-EFO, the frequency calculation of ith individual is made based on its Pareto dominance

and crowding distance.

Crowding distance is a metric proposed in NSGA-II [16] to reveal how two solutions are far
away from each other. Hence, it is a good indicator to find out how diverse the solutions are
in the objective space. Algorithm 3 calculates and returns crowding distance measurement

of a given solution set.

An illustration of the crowding distance measurement is given in Figure 5.2.. In this figure,
the crowding distances of solution a and b are set to Infinity so that they are selected in the
next generations in NSGA-II, which increases the divergence of the solutions in the objective
space. Considering the algorithm and the figure, the crowding distance measurement for the

ith individual is calculated as given in the Equation 26.

i+l piel i—1 _ pitl
CrowDist; = lf{; — f% + Qfg — fz (26)
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Algorithm 3: Crowding distance calculation proposed in NSGA-II [16].

def crowding_distance_assignment(S: Solutions, M: Objectives):

=15 // number of solutions in S
foreach i € {1,2,...1} do // initialize distance
‘ S[i]distance — O,
end
foreach m € M do
S <« sort(S,m) ; // sort using each objective value
S aistance < Sldistance < 00; // extreme points are set to Inf.
for i=2;i<(l-1); i++ do // for all other points
. . i+l pi—1
S[Z]distance < S[Z]distance + (W)
end
end
return S
f2 a
o
o
i-1
CrowDist,
i
o
______________________ P b
i+l o
b3

Figure 5.2. An example of the crowding distance calculation for the ¢th individual.

In PD-EFO, the frequency update mechanism of EFO has been replaced with the Algo-
rithm 4. This algorithm simply states that, the more an individual dominates other individu-
als, or the higher the distance an individual has; the higher frequency it would have. Hence,
the frequency of every individual can range from O (for the worst individual) to 1 (for the
best individual). Contrary to the frequency, the way to update amplitude of every individual

is reserved here as in the single-objective EFO algorithm.
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Algorithm 4: Frequency update mechanism in PD-EFO.

def frequency_update(S: Population Size):
ng, n; =0,
for (i=0;i<S;i++)do
for (j=0;,j<S;j++)do
if N; < N; then // 1if ¢ dominates j
‘ n; < n; +1;
else if N; < N, then // if j dominates 1
‘ n; <— n; + 1,
else // if both do not dominates each other
CrowDist;, CrowDist; < get crowding distances of i and j;
if CrowDist; > CrowDist; then // if ¢ has higher distance
than j
else // 1f j has higher distance
‘ n; < n; + 1;
end
end
end

end
Jmin < min(n);
fmaz < max(n);
for (u=0;,u<S; u++)do
‘ fu<_ (nu_fmm)<fmax_fmzn)a
end
return f

5.2.2. Acceptance of new individuals

In single-objective EFO, greedy selection can replace an individual with a candidate individ-
ual (z..nq). However, greedy selection takes only the single objective into consideration in

order to accept or to reject the candidate solution (Equation 27 —for minimization problem).

can can S %
v, — Teand [ (Teana) < f(2i) 27)

T else
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As MOOPs possess at least two conflicting objectives, instead of greedy selection, a Pareto

dominance-based selection mechanism has been integrated here for PD-EFO:

Teand Lcand = Ts

T else

5.2.3. Archive for elite individuals

Single-objective heuristic yields elite/best individual that ensures the optimal solution toward
the end of the search process, which is expected to be global minimum that the algorithm is
able to converge. However, the concept does not fit for MOOPs and it is expected from
multi-objective algorithms to offer more than one solution for designer’s choice. The output
of the algorithm should be non-dominated solutions in order to represent the Pareto front.
Therefore, in PD-EFO, an external archive, which is a typical ‘set-like’ data structure that
stores all the non-dominated solutions throughout the run, is used to avoid the promising
solution to be lost throughout the search. It is worth noting here that non-dominated solutions

in the archive are not allowed to contribute the search in PD-EFO.

The pseudo-code of this mechanism is given in Algorithm 5. From the algorithm, it can be
seen that i) a solution p is inserted into the archive Arc if and only if it is not dominated by
any solution in the archive, ii) any solution is removed from the archive if it is dominated
by p, and iii) a solution having the least crowding distance is removed from Arc when the

number of non-dominated solutions in Arc exceeds the allowed capacity C'.

An example of the solution update mechanism in the archive is demonstrated in Figure 5.3.
on a minimization problem. In the figure, the archive initially comprises of four solutions
(solution / through 4) that do not dominate each other. In the case where a solution 5 is at-
tempted to be added into the archive, the solution 3 will be removed from the archive because

the solution 5 dominates the other solution 3 with respect to all objectives (Figure 5.3.a.).
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Algorithm 5: An archive mechanism that keeps the non-dominated solutions.

def update_archive(N: Population, M: Objectives, Arc: Archive, C: Archive Capacity):
foreach p € N do

ny < 0;

foreach g € Arcdo

if p < ¢ then // if p dominates g¢q
| Arc < Arc\ {q}: // remove the solution ¢ from Arc
else if !(p < ¢) A !(¢ < p) then // if p and ¢ do not dominate
| np e np+ 1 // increase the domination counter for p
end
end
if n, = |Arc| then
Arc + ArcU {p}; // add the solution p into Arc
if |Arc| > C then // if Arc is full
S + crowding_distance_assignment(Arc, M); // Algorithm 3
k < CrowDisty, = min(S); // get solution having min.
Arc + Arc\ {k}; // remove k from Arc
end
end
end
return Arc;

Similarly, all the solutions will be removed from the archive when the solution 5 is added to

archive because it Pareto dominates all the solutions in the archive (Figure 5.3.b.).

A A
£, £, £,
1 1 1
o [ ] ! i.
2 2 : : 2
° —_ o @
3 E 3 : 3
° o : °
7 S . 4
[ J o4 '5 [ ]
P A
£, £,
® dominated solution a. b.

® non-dominated solution

Figure 5.3. An example of the solution update in the archive.

The pseudo-code of PD-EFO algorithm is given in Algorithm 6.
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Algorithm 6: Pseudocode of PD-EFO algorithm
Input: population size | N
Output: archive

1 population < Initialize population;

2 Update frequency through Algorithm 4;
3 archive <— Update archive through Algorithm 5;
4 repeat

5 fori = 1to |N|do
6

7

8

9

, objective size | M|

individual < population[i];
offspring < { };
if individual. frequency > rand then
‘ offspring <— active search(individual);

10 else

11 ‘ offspring <— passive search(individual);
12 end

13 if offspring < individual then

14 ‘ individual < offspring;

15 end

16 Update frequency through Algorithm 4;
17 archive <— Update archive through Algorithm 5;
18 until rermination criterion is met;

5.3. Non-dominated Sorting-based EFO Algorithm

In NS-EFO, two different adaptation mechanisms are employed to the single-objective EFO.
The first adaptation mechanism covers the frequency update of solutions, which mainly re-
lies on the Pareto fronts and the crowding distances of solutions. The second adaptation,
however, is made on the mechanism that the new candidate solutions are included to the

population. These adaptations have been explained in the following two sections.

5.3.1. Frequency update

As stressed earlier, single-objective dependant frequency adjustment in standard EFO cannot
be applied for MOOPs. Rather, an approach that achieves the same functionality as done in

PD-EFO should be adapted to EFO.
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In NS-EFO, a modification scheme based on Pareto ranking and the crowding distance of
every individual is proposed for the frequency update mechanims. While f,,;, and f,..
represent the worst and the best respectively in EFO (refer to Equation 2), they are evenly

split into the fronts that represent the total Pareto ranking of the population here.

Individuals in the first front are placed into the first interval, those in the second front are
placed in the second interval, and so on. Then the crowding distance is applied separately
to every sub-populations in the intervals such that the higher distance an individual has, the
closer the individual to the upper limit of that interval it has been placed. The calculation of

the frequency of ith individual (f;) in the population is given in Eq. 29.

g fronti N _ .
77 = (1 < frontmax) dzstl) (29)

where front; and front,,., represent the front at which the ith individual belongs to and the
total number of fronts, respectively; while dist; is a crowding distance measurement for the

ith individual (C'row Dist;) normalized for front;, which is calculated as follows:

Dist; — Dist,in
dist, — ((1_ CrowDis CrowDis )/frontmax> (30)

CrowDist g — CrowDist

where C'rowDist ,,, and Crow Dist,, ., represents, respectively, the value of minimum and

maximum crowding distance measurements obtained from front;.

As in EFO, this updating mechanism ensures better individuals to have higher frequency and
thus them to perform local search , and vice versa. The update procedure of individuals’

amplitudes in EFO is not modified here, and hence it is calculated by using Eq. 3 and 29.

Figure 5.4. demonstrates the frequency update approach in NS-EFO. The figure is based
on a scenario where the population is represented with four Pareto fronts in total such that
each front comprises of different number of individuals. The proposed frequency update
approach assigns the maximum and minimum frequency values to every front. Hence, in-

dividuals in the first front have a frequency value between 1.00 and 0.75, individuals in the
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second front have a frequency value between 0.75 and 0.5, and so on. The distance of every
individual is then calculated separately on every front with respect to the crowding distance
measurement (refer to Equation 30) and then normalized. Here, the individuals having Infin-
ity crowding distances represent the solutions where their objective vectors are located in the
extreme points of the front, which are known to be solutions that increase the diversity of the
population. In NS-EFO these individuals are excluded in distance calculation and they are
assigned to the maximum frequency value of the front where they belong to. Hence, these
individuals are enabled to perform local search and their probability of being selected by
other individuals are increased. The assignment of distance and and frequency values for the
first front is also given in the figure. The procedure to update frequency in NS-EFO is given

in Algorithm 7.

Population Pareto fronts Crowding distances

1.00

1st front

0.75

0.75
_> 2nd front -
.50

o

1.00
0.50
3rd front - 1st front
0.25
0.25 0.75
4th front -0.00
CrowDist = Inf., dist = 0.0, £ =1.
CrowDist,= Inf., dist, = 0.0, £,=1.
CrowDist3= 1.8, dist3 = 0.0, £, = 1.
CrowDist,= 1.0, dist, = 0.125, £, = 0.875
CrowDist = 0.2, dist = 0.250, £, = 0.750

Figure 5.4. An example of the frequency update mechanism in NS-EFO

114



e X N NN R W N =

Algorithm 7: Frequency update phase of NS-EFO algorithm

Function update_frequency(population)
fronts < split population into the fronts;
foreach front € fronts do
CrowDist <— calculate crowding distance of front;
foreach individual € front do
‘ individual.frequency <— calculate frequency through Equation 29;
end
end
end

5.3.2. Acceptance of new individuals

The greedy selection used both in single-solution EFO and PD-EFO allows only parent or
offspring individual to survive for the next generation through a direct comparison on the
objective(s). In NS-EFO, the greedy selection is replaced and the survival mechanism based

on non-dominated sorting procedure proposed in NSGA-II [16] is adapted.

In NS-EFO, the parent and offspring individuals are merged and form a population with a
size of (2 x N) and they are sorted according to the nondomination. The individuals in the
first, second, and following fronts are taken for the next generation in order. The crowding
distance of the individuals is taken into consideration only when all individuals in the front at
turn exceed the capacity of (V). In such a case the individuals with higher crowding distance
values are selected for the next generation. The remaining individuals (parent or offspring)

are no more accepted and die out at that generation.

The survival procedure of NSGA-II is illustrated in Figure 5.5.. Here, both parent and off-
spring individuals can survive in the next generations as long as they belong to the promising
fronts. NS-EFO does not employ a memory like archive in PD-EFO in order to store non-
dominated solutions because solutions at the first front are always non-dominated solutions.
Therefore, NS-EFO returns the first front as the Pareto front at the end of the search. The

pseudo-code of NS-EFO algorithm is given in Algorithm 8.
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Figure 5.5. An example of non-dominated sorting in NSGA-II.

5.4. Cellular-based EFO Algorithm

While the general framework based on active and passive electrolocation is kept as in EFO,
some modifications have been made to the base algorithm in order to adapt it for solving
MOQPs (1-2). Furthermore, by taking into account the more complex search space of such
problems, some changes are applied to strengthen the global and local search capabilities (3-

4), and to reduce complexity of the algorithm (5). The modifications to the EFO algorithm

1s summarized in the followings:

1. The frequency updating of individuals (Eq. 2) has been modified. Hence the single fit-

ness proportionate-based approach is replaced with a ranking- and crowding distance-

based approach.
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Algorithm 8: Pseudocode of NS-EFO algorithm
Input: population size | V|, objective size | M|
Output: Pareto optimal solutions

1 population < Initialize population;

2
3
4
5
6
7
8
9

10
11
12
13
14
15

offspring < {};
Update frequency through Algorithm 7;
repeat
fori = 1to |N|do
individual < population[i];
if individual. frequency > rand then
‘ offspring[i] <— active search(individual);
else
‘ offspring[i] <— passive search(individual);
end
end
union <— Union(population, offspring)// merges two populations
population <— Apply non-dominated sorting on union;
Update frequency through Algorithm 7;
until rermination criterion is met;
return Inidividuals at first front

2. The greedy selection has been replaced with a dominance-based selection and an ex-

ternal archive for storing Pareto optimal solutions is introduced.

3. The conditional acceptance in passive search has been improved in order to support

promising solutions to perform their search in the vicinity of a non-dominated solution.

4. Binary tournament selection has been employed in active and passive search to ensure

a fine-tuned local and global search.

5. The distance calculation in EFO has been excluded here for the sake of efficiency of

the proposed algorithm. Instead, a cellular-based approach has been adopted.

5.4.1. Population Initialization

Here, the individuals are randomly generated as in EFO. So, Eq. 1 has been applied for

the formation of initial population. In EFO, an individual needs to measure its distance to
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the rest of the population for finding neighboring individuals in the sensing/active range.
However, this distance calculation at each iteration increases the complexity of the algo-
rithm. Therefore it is excluded in CB-EFO; instead the cellular-based approach is employed.

Neighborhood in this approach has been organized in a random manner.

In the area of optimization, cellular-based approach was emerged from parallelization of ge-
netic algorithm [22, 23]. This approach relies on the placement of every node in a toroidal
mesh topology in which nodes correspond to individuals, and edges directly connected to
nodes represents one-hop neighbors of that individual. Figure 5.6.a shows an exemplar mesh
topology with 16 nodes. As a result of this topology, every individual intensively uses its
nearby neighbors. Even if the neighborhood in this approach has no relation to the geograph-
ical position of neighbour individuals, it still well balances the exploration and exploitation.
While exploration is ensured by a slow diffusion of solution through the population; ex-
ploitation is ensured by application of search operators within the neighborhood [20]. Every

individual in CB-EFO has been directly connected with eights neighbors (see Figure 5.6.b).

After the population is generated through the adopted cellular-based approach, their fre-
quency values are calculated and updated in every iteration. Here, the frequency update
procedure proposed for NS-EFO is also adopted. Hence Algorithm 7 is applied to update
the frequency of the population in CB-EFO. In addition to that, an archive that is proposed
in PD-EFO has been employed in CB-EFO as well in order to store the Pareto-optimal solu-

tions.

5.4.2. Active and Passive Electrolocation

As opposed to the other multi-objective EFO implementations, few modifications has been
made on the search performed by active and passive individuals in CB-EFO, which is mostly

limited to the selection scheme employed in active and passive electrolocation phases.
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Figure 5.6. a) Toroidal mesh topology. b) Neighborhood of the ith individual. (N: North, S: South,
W: West, E: East)

The main role of active mode individuals in EFO is to perform local search since they take
into account only individuals in their very close neighborhood during the search. How-
ever, depending on the existence of neighbors that are evaluated by using Euclidean distance
formula, individuals could perform random selection or random walk that could occasion-
ally lead the algorithm to contribute to global and local search during the initial and final
iterations, respectively. However CB-EFO does not rely on Euclidean distance between in-
dividuals, but instead it makes use of one-hop neighbors that are assigned at the initialization
(see Section 5.4.1.). The proposed scheme contributes also to global search at the initial
iterations, because the neighborhood is randomly established. Then, it contributes to local
search as the neighbors continuously converge to the desired global minima. In order to fur-
ther ensure a well-balanced search, binary tournament selection procedure has been used in
neighbor selection because it first picks out two candidate solutions in a random manner then
returns the better one among them. In CB-EFO, the crowding distance operator has been
used to evaluate distances. This operator considers only the front and the distance of the
solutions. It prefers the :th solution, if it belongs to a lower front than the jth solution (i.e.,

front; < front;). If both solutions belong to the same front, it chooses the solution with
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lesser crowded region (i.e., front; = front; N CrowDist; > CrowDist;). If both solu-
tions belong to the same front and have the same distances, it returns a random solution (see
Eq. 31). After this selection mechanism, the ith active individual applies the same formula

as in EFO (see Eq. 6) in order to evolve a new candidate solution.

i (front; < frontj)V ((front; = front;) A (CrowDist; > CrowDist;))
return § j (front; < front;) V ((front; = front;) A (CrowDist; > CrowDist;))

iorj otherwise

€1V

In passive search, EFO takes into account all active individuals in the population in order to
perform global search. This mechanism is also adopted in CB-EFO. However, the selection
approach applied to passive individuals has been modified, since the distance-based search is
excluded in CB-EFO. As in EFO, K active individuals are probabilistically chosen from the
population in CB-EFO by applying K times binary tournament selection. The selection pro-
cedure here is based on the amplitude values that are implicitly determined by the crowding
distance measurement (see Sect. 5.3.1.). The reason behind using amplitudes in the selection
phase instead of the crowding distance metrics as in active search is that amplitude values
of individuals do not change instantaneously. This adoption enables currently poor but for-
merly promising individuals being selected, which further promotes exploration capability

of CB-EFO.

The other modification has been made on the conditional acceptance condition given in
Eq. 11 by replacing it with Eq. 32. This modification simply states that the probability of a
promising solution with higher frequency being evolved through its neighbors is lowered but

that through a Pareto-optimal solution (a) from archive is considerably increased.

e rand;(0,1) > f;
peand — )Y (0 1) (32)

? Tij + @ (a:aj — :cl-j) else
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Algorithm 9: Pseudocode of CB-EFO algorithm
Input: population size | N
Output: archive

, objective size | M|

1 population < Initialize population;

2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21

Update frequency through Algorithm 7;
archive <— Update archive through Algorithm 5;
repeat
fori = 1to |N|do
individual < population[i];
offspring < { };
if individual. frequency > rand then
‘ offspring <— active search(individual);
else
‘ offspring <— passive search(individual);
end
if offspring < individual then
‘ individual < offspring;
else if offspring < individual.neighbor[worst] then
‘ individual.neighbor[worst] < offspring;
end
end
Update frequency through Algorithm 7;
archive <— Update archive through Algorithm 5;
until rermination criterion is met;

The final step in one iteration is on the replacement strategy of existing solutions with evolved
candidate solutions. In EFO, greedy selection relying on only a single objective has been
used. However it is not suitable for MOOPs. Therefore, a dominance-based selection, which
prefers a non-dominated solution over a dominated solution, is used in this study. So, a
candidate solution can be replaced with its parent solution only when it dominates, otherwise
it can be replaced with its worst neighbor or it is discarded when it is worse than its worst
neighbor from the point of domination view. The pseudocode of the proposed CB-EFO

algorithm has been provided in Algorithm 9.
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6. EXPERIMENTS ON MULTI-OBJECTIVE
OPTIMIZATION PROBLEMS

Firstly, the performance of three multi-objective implementations of EFO algorithm (PD-
EFO, NS-EFO, and CB-EFO) on MOOPs has been compared with each other. Then the best
performing algorithm (CB-EFO) has been taken and reevaluated through some metrics that
are intrinsic for such problem types. The following sections introduce benchmark problems,

performance metrics used in the experiments, and discuss the experimental results.

6.1. Performance Metrics

The performance metric applied on MOOPs differs from SOOPs. Without the loss of gen-
erality, an algorithm is regarded as the best performing algorithm on a SOOP when its final
solution is closest to the global optimum in comparison to others. However, for MOOPs, it
depends on how well PF* computed by non-dominated solutions of an algorithm approxi-
mates to the uniformly distributed true Pareto Front (7 PF™) of the problem. The following

metrics reveal the obvious convergence performance of an algorithm on MOOPs:

6.1.1. HV:

It measures the union of the volume between every member in PF™ and a reference point
r which represents a vector comprising the worst values of each objective. Therefore, the
higher HV implies that PF* well represents 7PF". HV is calculated by the following

equation:

HV = volume (LJ”)]C | vZ) (33)

=1
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6.1.2. SPREAD:

It reveals the degree of spread of PF* throughout the objective space through the following

equation:
S dlen, PF) + Y epre |d(z, PF*) —d

A — _ (34)
Yo d(e, PF*)+ |PF*|-d

where e; stands for ith extreme point in mth objective in TPF*. d(e;, PF™) refers the
minimum distance between the extreme points in the set PF* and T PF*, whereas d is the

mean of the distances between every point in PF* and in T PF™.

6.1.3. EPSILON:

It calculates the minimum factor (¢) that is necessary for at least one solution in PF™ to

dominate all the vectors in 7 PF*. EPSILON is calculated according to the given equation:
EPF ,TPF")=infer+{Vp € TPF*, 30 € PF" : U <. p} (35)

here m refers to the number of objective functions whereas € represents a very small value

used for a tolerance.

6.1.4. IGD:

It is a good indicator that reveals how diverse the solutions in objective space is and how well
the solutions can converge. The small value of IGD suggests that the solution set obtained

from the objective space is very close to 7 PF*. IGD is calculated as follows:

Y verpre (v, PFY)
| TPF|

IGD(TPF*, PF*) = (36)

here d(v, PF™) gives the minimum Euclidean distance between the solution v and every

point from the set P.F™.
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6.2. Benchmark Problems

In the experiments, 30 well-known unconstrained MOOPs from DTLZ (Deb-Thiele-Laumanns-
Zitzler) [12], LZ09 (Li-Zhang) [13], WFG (Walking Fish Group) [14], and ZDT (Zitzler-
Deb-Thieler) [15] families are used. These problems have become the standard problems
used in literature to conduct a fair comparison. They differ from each other in search space,
number of parameters to optimize (6 through 30), and number of objectives (2 and 3). Ta-
ble 6.1. gives the basic characteristics of these problems. The mathematical definitions of
employed benchmark families, except the WFG problem family, have been given in Ap-
pendix F. The benchmark problems in WFG family are subjected to a series of transforma-
tion processes such as linear, polynomial, and etc. That’s why, they cannot be expressed in a

mathematical form.

Table 6.1. Multi-objective benchmark problems used in the experiments.

Family  Problem Q) A\ Range
1 7
DTLZ 2-6 3 12 0< 2,29, ,op <1
7 22
178 2 o
LZ09 2-5,9 2 30 0< 2,29, -+ ,2p <1
6 3 10
0<uzp<(2xk),
WFG 1-9 2 6 ke {2 .V}
I T B 30 0<azy,a9, -+, 0y <1
ZDT 4 2 10 0<x <1,-5< 29,2y <5
6 10 0< 2,29, oy < 1

O: Number of objectives, V: Number of variables.

6.2.1. Results

In this study, two separate experiments in which the 30 benchmark problems and the four
performance metrics have been employed is conducted and analyzed. While the main goal
of the first experiment is to explore the search capabilities of different implementations of

EFO algorithm on complex MOOQOPs, the main goal of the second experiment is to reveal
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the comparative search performance of CB-EFO, the best-performing EFO implementation,
against the well-known evolutionary-based multi-objective optimization algorithms. These

algorithms are NSGA-II [16], SPEA2 [17], IBEA [18], MOEAD [19], and MOCell [20].

jMetal (Metaheuristic Algorithms in Java) [180, 181], a Java-based framework for multi-
objective optimization with metaheuristics, is employed in the experiments. jMetal is a
framework that provides some facilities such as state-of-the algorithms, most-popular bench-
mark problems, and the like. Refer to [180] for a detailed description of the framework. In
both experiments, every algorithm is run 50 times with a population and a generation size
of 100 and 1,000 (corresponding to 100,000 function evaluations), respectively. The archive
size is set same as the population size. « and K values of CB-EFO are empirically found
and set to 0.9 and 20 respectively. The parameters of the competitor algorithms are set to
the default parameters in jMetal. The CB-EFO implementation in jMetal framework that is

ready-to-replicate the same experimentation is shared with the community [31].

The comparative convergence and diversification performance of the multi-objective EFO
algorithms and the well-known multi-objective optimization algorithms on the benchmark
problems have been provided in Section 6.2.1.1. and 6.2.1.2.. For both experiments, the

detailed statistical analysis of 50 runs for each problem is also given in Appendix G.

6.2.1.1. Comparison of Multi-objective EFO Algorithms

Figure 6.1. presents the number of problems where PD-EFO, NS-EFO, and CB-EFO have
performed satisfying performance (i.e. becoming the first or the second algorithm in rank-
ing). The plot clearly shows that CB-EFO outperforms other algorithms by performing the
best/2nd best performance on problems with respect to HV, SPREAD, and EPSILON met-
rics. The results of CB-EFO (the number of problems solved as the best algorithm, the num-
ber of problems solved as the second best algorithm) on HV, SPREAD, EPSILON, and IGD
metrics respectively are (14/9), (20/6), (15/9), and (15/5). The results reveal also that NS-
EFO has become the second best performing algorithm after CB-EFO and showing (7/20),
(3/23), (7/21), and (7/22) ranking performance with respect to the HV, SPREAD, EPSILON,
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Figure 6.1. Ranking of the multi-objective EFO algorithms.

and IGD metrics, respectively. PD-EFO algorithm, however, has shown a poor optimiza-
tion performance with the rankings of (9/1), (7/1), (8/0), and (8/3) with respect to the HV,
SPREAD, EPSILON, and IGD metrics, respectively. It often shows better performance on
problems in the LZ09 family, which shows that its performance depends on the problem un-
der test. Table G.1. through G.4. gives the detailed statistical mean and deviation results of

PD-EFO, NS-EFO, and CB-EFO with respect to the performance metrics.

Friedman’s ranking test is applied to further examine the overall performance of every al-
gorithm. The results have been provided in Table 6.2.. It is worth stressing here that the
algorithm with higher mean HV values performs better than others. However, for other met-
rics, the performance of the algorithm increases as the metric becomes smaller. The best
and 2nd best performing algorithms have been implied with dark and light gray cell colors,

respectively.

It can be concluded from the table that CB-EFO has outperformed its competitors on HV,
SPREAD, and EPSILON metrics. Only when the IGD metric is taken into consideration,
CB-EFO becomes the second best algorithm and comes after NS-EFO.
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Table 6.2. Friedman’s ranking test results for the multi-objective EFO algorithms.

. Ranking
Algorithms HY SPREAD EPSILON IGD
PD-EFO 1.633 2.500 2.467 2.367
NS-EFO 2.133 2.033 1.833 1.800
CB-EFO 2.233 1.467 1.700 1.833

6.2.1.2. Comparison of CB-EFO with Other Algorithms in the Literature

In this section, the performance results of CB-EFO is compared with the well-known multi-
objective optimization algorithms in the literature: NSGA-II, SPEA2, IBEA, MOEAD, and

MOC:ell. Their ranks according to each metric is demonstrated in Figure 6.2..
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Figure 6.2. Comparison of the multi-objective algorithms on each metric.

As itis seen clearly in the figure, CB-EFO is superior than other algorithms by performing the
best/2nd best performance on the problems with respect to HV, EPSILON, and IGD metrics.
The results (the number of problems solved as the best algorithm, the number of problems
solved as the second best algorithm) on HV, EPSILON, and IGD metrics respectively are
(7/13), (9/11), and (9/10). MOCell is the most competitive algorithm against CB-EFO and
it has shown the best performance on 15 problems and, the second best performance on 7
problems with respect to SPREAD metrics. It outperforms CB-EFO on the SPREAD metric
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in evaluations. MOEAD is another competitive algorithm; however, like PD-EFO, it often

shows better performance on problems in the LZ09 family.

As done in the previous experiment, Friedman’s ranking test is also applied here. The results
have been provided in Table 6.3.. It can be concluded from the table that CB-EFO has
outperformed its competitors on HV, EPSILON, and IGD metrics. Only on evaluations by

using the SPREAD metric, it becomes the second best algorithm and comes after MOCell.

Table 6.3. Friedman’s ranking values for multi-objective algorithms on each metric.

. Ranking

Algorithms HY SPREAD EPSILON IGD

NSGA-IT 2.933 4.467 3.800 3.667
SPEA2 3.833 2.733 3.367 2.833
IBEA 2.233 5.167 4.867 5.500
MOEAD 4.033 4.000 2.867 2.833
MOCell 3.567 2.000 3.633 3.567
CB-EFO 4.400 2.633 2.467 2.600

The true Pareto front of problems and the Pareto front of algorithms have been given in
Figure G.1. through G.6. to reveal comparative convergence behavior of every approach on

objective space.
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7. CONCLUSION

In this thesis study, active and passive electrolocation and electrocommunication capabilities
of electric fish have been explored for proposing a nature-inspired heuristic algorithm. While
active electrolocation represents a behavior where electric fish generate EOD and sense their
surroundings through the modulations in the electric field, passive electrolocation represents
a behavior of electric fish where they perceive external signal from their electroreceptors. The
emanated EOD is characterized by frequency and amplitude. The EOD frequency changes
with respect to the closeness of an electric fish to the prey and it increases as electric fish gets
closer to the prey, and vice versa. The EOD amplitude, however, is proportional to the fish’s
size. These capabilities and characteristics of electric fish have been used for the creation
of a novel swarm-based heuristic algorithm called EFO in order to solve bound-constrained
real parameter SOOPs. To the best knowledge of the authors, this is the first study to propose
a heuristic inspired by the electrolocation and electrocommunication capabilities as well as

the EOD frequency and amplitude characteristics of electric fish.

The proposed EFO is quite simple, with its easy-to-understand structure, few parameters,
and two main search frameworks (active and passive search phases). Active search phase
contributes to the local search in EFO, because individuals in active mode are regarded to be
in the vicinity of the best food sources, which is the case in nature. Passive search phase,
however, contributes to the global search in EFO, because individuals in passive mode are
regarded as not-so-good individuals and they are far away from finding promising solutions.
EOD frequency is employed in the algorithm to determine the search role of individuals
(active or passive) as it is a good indicator to find out which individuals are in the vicinity of
the promising food sources in nature. EOD amplitude determines the search range in local

search and communication probability in global search.

It is believed that the optimization and convergence performance of EFO is largely due to
the modeled active and passive electrolocation capabilities, which fulfill the “explore first,

exploit later" approach that is strongly suggested for heuristics in the literature [9, 10, 142].
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Individuals in EFO are more prone to perform global search in the premier iterations and
local search as the iterations lapse, owing to the distance among the population that grad-
ually decreases through the iterations. In active electrolocation, individuals in active mode
perform a random search inside their active search range at the beginning iterations, as it is
less likely to belong to another’s active area, and start to search around their neighborhood
toward the end of the iterations. In passive electrolocation, however, the selection of neigh-
bor individuals is highly dependent on the distance between them (see Eq. 8). At the initial
phase of the iterations, individuals in passive mode select their neighbors considering the
distance rather than their amplitudes. The distance-based selection results in a better global
search owing to the higher selection probability of the “poor" individuals. As the iteration
proceeds, the amplitude becomes the dominant factor that determines the individuals being

selected, which contributes to the local search of EFO.

In order to measure the performance of single-objective EFO, it is compared with well-
known single-solution-based (SA and VS) and population-based (GA, DE, PSO, and ABC)
heuristics as well as approaches that were recently proposed for constrained and uncon-
strained problems in the experiments with different characteristics. From the overall opti-
mization performance of EFO, it performs much better than almost all of the other heuris-
tics, with a highly compelling convergence capability. The optimization performance mea-
sured on different problem set domains (i.e., bound-constrained mathematical benchmark
problems, unconstrained clustering and classification problems, and bound- and design-
constrained real-world design problems) has proven the robustness of the proposed single-
objective EFO algorithm. In addition, it can be understood from the results that EFO has
better global search capability and it outperforms almost all the competitor algorithms on
highly complex problems such as Schwefel, Rastrigin, and Griewank problems. It makes

EFO a very promising approach, given the complexity of most real-world problems.

In addition to that, the single-objective EFO algorithm has been extended in order to solve
unconstrained MOOPs. In order to adapt EFO for solving MOOPs, the single-objective
EFO algorithm has been subjected to a number of modifications while mostly maintaining

the search characteristics of the base algorithm. Hence; PD-EFO, NS-EFO, and CB-EFO
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algorithms have been introduced. Among them, PD-EFO and NS-EFO do not change the
search operators proposed by the single-objective EFO algorithm while a moderate change
is made by CB-EFO to enhance the search performance. To adapt the single-objective EFO
algorithm to the MOOPs, the Pareto dominance concept has been introduced in PD-EFO;
while Pareto front and crowding distance proposed by NSGA-II have been introduced in
NS-EFO and CB-EFO. In addition, external archive has been used in PD-EFO and CB-EFO

to store non-dominated solutions throughout the search.

The proposed multi-objective EFO algorithms have been evaluated on 30 well-known bound-
constrained MOQOPs, in which the number of objectives is either 2 or 3, and the number of
parameters to be optimized ranges from 6 to 30. The problem families employed in this
thesis are DTLZ [12], LZ09 [13], WFG [14], and ZDT [15]. To reveal the convergence and
diversification performance of Pareto-optimal solutions found by PD-EFO, NS-EFO, and
CB-EFO; four well-known metrics that are HV, SPREAD, EPSILON, and IGD have been
considered. The empirical results show that CB-EFO is overwhelmingly better than PD-EFO
and NS-EFO. Therefore, it has been reevaluated through a comparison with the well-known
multi-objective approaches to determine its success in the literature. From the comparative
results, CB-EFO ensures a much better optimization performance on such problems in com-
parison to these well-known approaches, namely NSGA-II [16], SPEA2 [17], IBEA [18],
MOEAD [19], MOCell [20]. Therefore, in this study, CB-EFO has been introduced as an

alternative to the most popular multi-objective optimization algorithms.
There are few limitations with the proposed algorithm, which can be considered as the po-

tential areas for future work. They have been outlined as follows:

e While the distance-based selection leads EFO to have superior performance on multi-
modal and complex problems, the complexity of the algorithm is also mainly governed

by this distance calculation of individuals.

e Two parameters (the magnitude for old amplitude ¢, the maximum number of neighbor

individuals K) of the EFO algorithm are need to be set, whereas some algorithms do
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not even have a single parameter such as VS. Fortunately, the experiments show that

EFO is less sensitive to the difference in parameter settings.

e EFO may require some additional efforts to further enhance its search capability for
better performance, particularly on the unimodal, hybrid, and composed functions in

the first experiment where the single-objective EFO is evaluated.

To conclude, in this thesis, a new swarm-based algorithm called EFO, which is shown to be
effective for both SOOPs and MOOPs, is introduced to the community. We believe that the
active and passive electrolocation capabilities of electric fish fulfill the “explore first, exploit
later" approach that is strongly suggested for heuristics. We encourage the community to

further improve the algorithm and to explore the use of EFO on different application areas.
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APPENDICES

APPENDIX A - Source Code (Matlab) of Electric Fish Optimization Algorithm

function EFO

%% Electric Fish Optimization Algorithm, @version 1.0 (01/2020)

o

o

Electric Fish Optimization (or EFO) algorithm, inspired from the

% object detection (electrolocation) and communication

% (electrocommunication) bahaviors of electric fish, is the most recently
% swarm-intelligence based algorithm proposed by Selim Yilmaz and Sevil

% Sen.

% Contact author:

% Selim Yilmaz {selimy[at]cs.hacettepe.edu.tr}

clear all

clc

% Control parameters of EFO

populationSize = ; % Population size, (M)

maxCycle =; % Maximum number of iterations

X = ; % Magnitudes old amplitude
activeIndSize = ; % Subpopulation size, (K)

iterCounter = ; % Iteration counter

problemIndex = ; % Problem index

thres = % A small constant value

% Problem specific parameters

problem = % A struct that gets problem information
lowerBound = problem.lowerBound; % Lower limit of the problem, (x_max]j)
upperBound = problem.upperBound; % Upper limit of the problem, (x_minj)
parameterSize = problem.parameterSize; % Parameter size to be optimized, (d)
name = problem.name; % Problem name

fMin = problem. fMin; % Global minimum of the problem
population = struct; % Population struct, (N)
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% Initially all individuals are first initialized in the range of

% [x_maxj, x_minj] then their fitness values are calculated

for p = 1 : populationSize

population (p) .solution = lowerBound + (upperBound - lowerBound) * rand(l, parameterSize);
population(p) .fitness = ; % Evaluates fitness

population (p) .isActive = true;

end

% The best individual information is stored

[bestCost, index] = min( [population(:).fitness] );

bestIndividual = population (index) .solution;

% The worst individual information is also stored for frequency calculation
[worstCost, index] = max( [population(:).fitness] );

worstIndividual = population(index) .solution;

globalBest = bestCost;

globalBestSol = bestIndividual;

% Frequency (f) and amplitude (A) values are also initialized

for p = 1 : populationSize
if std([population(:).fitness]) < thres,
population (p) . frequency = rand;
else
population (p) .frequency = (worstCost - population(p).fitness) / (worstCost - bestCost);
end
population(p) .amplitude = population (p).frequency;

end

o

% Beginning of the optimization

while (iterCounter < maxCycle && globalBest ~= fMin)

for p = 1 : populationSize % For every individual do,
newIndividual = population(p); % ith individual, (i)
neighborIndividual = population; neighborIndividual (p) = []; % Neighbors of i

o

if (newIndividual.frequency > rand) % Active electrolocation phase
population(p) .isActive = true; % ith individual will be in active mode
newIndividual.solution = activeSearch (newIndividual, neighborIndividual,

o

lowerBound, upperBound) ; % Performs search
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end

3
S

else % Passive electrolocation phase

population(p) .isActive = false; % ith individual will be in passive mode
activePopulation = neighborIndividual ( [neighborIndividual (:) .isActive]

if ~isempty (activePopulation)
newIndividual.solution = passiveSearch (newIndividual, activePopulation,
activeIndSize); % Performs search
end

if rand < rand, % Mutates one more parameter

I = randi (parameterSize);
newIndividual.solution(I) = lowerBound + (upperBound - lowerBound) =* rand;
end

end

newIndividual.solution = boundaryCheck (newIndividual.solution, lowerBound,

upperBound); % Checks the constraint violations
newIndividual.fitness = ; % Evaluates fitness
if newIndividual.fitness < population(p).fitness % Accepts 1if better
population(p) = newIndividual;

end

The best individual information is stored

[bestCost, index] = min( [population(:).fitness] );

bestIndividual = population (index) .solution;

o
S

The worst individual information is also stored for frequency calculation

[worstCost, index] = max( [population(:).fitness] );

worstIndividual = population (index) .solution;

o
S

Frequency (f) and amplitude (A) values are updated

for p = 1: populationSize
if std([population(:).fitness]) < thres,
population (p) . frequency = rand;
else
population(p) .frequency = (worstCost - population(p).fitness)

/ (worstCost - bestCost);

end

end

population (p) .amplitude = population(p).amplitude * (x)

+ population (p) .frequency * (1 - x);
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oo
)

fun

if bestCost < globalBest, % The best cost and solution found so far are stored
globalBest = bestCost;
globalBestSol = bestIndividual;

end

iterCounter = iterCounter + 1;

’

disp(["EFO Problem:’, num2str (problemIndex), ~",name,’ D:’,num2str (problem

.parameterSize), ' iter:’, num2str (iterCounter), ’ Fmin:’, num2str(globalBest)])

End of the iteration

Active Electrolocation Phase
ction newSolution = activeSearch (newIndividual, neighborIndividual,

lowerBound, upperBound)

activeRange = (upperBound - lowerBound) =*
newIndividual.amplitude; % Calculates active search range
parameter = randi (size (newIndividual.solution, 2)); % Determines jth parameter
dist = getDistance (newIndividual.solution,
[neighborIndividual (:) .solution]); % Obtains cartesian distance
index = find(dist < activeRange); % is a neighbor in the active search?
if isempty (index) % If no neighbor exists in the search range
newIndividual.solution (parameter) = newlIndividual.solution (parameter)
else % If at least one neighbor exists in the search range
selectedNeighbor = index (randi (size(index, 1))); % Randomly selects one neighbor
newIndividual.solution (parameter) = newIndividual.solution (parameter) +
(neighborIndividual (selectedNeighbor) .solution
(parameter) - newIndividual.solution (parameter))
* (2 * rand - 1);
end

newSolution = newlIndividual.solution;

end
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5%

fun

end

o
S

fun

end

Passive Electrolocation Phase

ction newSolution = passiveSearch (newIndividual, activePopulation, activeIndSize)

e = le-6; % A small constant used in distance calculation
D = size(newIndividual.solution, 2); % Parameter size of the problem
if size(activePopulation, 2) < activeIndSize, % If the number of active individuals

is less than that of predetermined neighbor, (K)

activeIndSize = size(activePopulation, 2); % Set K as the number of active
individuals
end
dist = getDistance (newIndividual.solution, [activePopulation(:).solution]); % Obtains

cartesian distance between ith individual and those in active modes

P = cumsum([activePopulation(:).amplitude] ./ (dist’ + e)); % The probability

values of active mode individuals

selectedNeighbor = zeros(l, activeIndSize);
for i = 1 : activeIndSize, % K individuals are selected

I = find (randsp(end) < p);

selectedNeighbor (i) = I(1);
end
neighbor = activePopulation (selectedNeighbor) ;
solutionSet = reshape ([neighbor.solution], D, activeIndSize)’;
xReference = sum(repmat ([neighbor.amplitude]’, 1, D) .x solutionSet)
./ sum(repmat ([neighbor.amplitude]’, 1, D)); % A reference point

newSolution = newlIndividual.solution + (xReference - newIndividual.solution)

.* (2 x rand(1, D) - 1); % Generates new location
I = find(rand(1l, D) > newlIndividual.frequency); % Determines parameters
newIndividual.solution(I) = newSolution(I);

newSolution = newlIndividual.solution;

Returns the cartesian distance between individual ’'newIndividualSol’ and
its neigbors ’solutionSet’
ction dist = getDistance (newIndividualSol, solutionSet)
parameterSize = size(newIndividualSol, 2);
popSize = size(solutionSet, 2) / parameterSize;
solutionSet = reshape (solutionSet, parameterSize, popSize)’;
dist = sqgrt (sum((solutionSet - repmat (newIndividualSol, popSize, 1)) ."2, 2));
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% Controls if a parameter value exceeds the space limits, if so it is

% relocated into the bound where it exceeds

function newIndividualSol = boundaryCheck (newIndividualSol, lowerBound, upperBound)
newIndividualSol = min(newIndividualSol, upperBound);
newIndividualSol = max(newIndividualSol, lowerBound) ;

end
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APPENDIX B - Properties of Basic and Complex Benchmark Problem Sets

Table B.1. Mathematical benchmark function set used in the first experiment. (D: Parameter size, T:
Type, U: Unimodal, M: Multimodal, S: Separable, N: Nonseparable.)

No Function D T Min Formulation
— 5
Fl Stepint 5 Us o0 (@) =25+ 35 1|zl
. 2
F2 Step 30 us o0 f () =37 (l=i +0.5])
2
3 Sphere 30 us o (@) =37 =3
.2
F4 Sum Squares 30 us 0 fz) =30 iz}
F5 Quartic 30 us o0 f (@) = iy ie] + random [0, 1)
2 2
F6 Beale 5 UN 0 f(z)=(1.5 -2 +x1922)2 + (225—901 +xlx§) + (2625—;1:1 +x1xg)
2 2
F7 Easom 2 UN -1 f(2) = — cos (z1) cos (z2) exp (—(z1 — )% — (z2 — 7))
=0.26 (22 + 232) — 0.48
F8 Matyas 2 UN 0 f (@) =0.26 (2] + =3 EEESED
2 2
f(z) = 100(50? = w2) + (x1—-1)? + (z3-1)2 + 90(:6% = w4) +
F9 Colvill 4 UN 0
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2
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(continued on next page)
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Table B.1. (continued).

No Function D T Min Formulation
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Table B.2. Properties of complex mathematical benchmark set. D: Parameter size, T: Type, Low and
Up: Lower and upper limit, U: Unimodal, M: Multimodal, H: Hybrid, C: Composition

No Function D T Low Up
F1 Shifted and Rotated Bent Cigar 10 U -100 100
F2 Shifted and Rotated Sum of Different Power 10 U -100 100
F3 Shifted and Rotated Zakharov 10 U -100 100
F4 Shifted and Rotated Rosenbrock 10 M -100 100
F5 Shifted and Rotated Rastrigin 10 M -100 100
F6 Shifted and Rotated Expanded Scaffer 10 M -100 100
F7 Shifted and Rotated Lunacek Bi-Rastrigin 10 M -100 100
F8 Shifted and Rotated Non-Continuous Rastrigin 10 M -100 100
F9 Shifted and Rotated Levy 10 M -100 100
F10 Shifted and Rotated Schwefel 10 M -100 100
F11 Hybrid of Zakharov, Rosenbrock, and Rastrigin 10 H -100 100
F12 Hybrid of High Conditioned Elliptic, Modified Schwefel, and Bent Cigar 10 H -100 100
F13 Hybrid of Bent Cigar, Rosenbrock, and Lunacek Bi-Rastrigin 10 H -100 100
F14 Hybrid of High Conditioned Elliptic, Ackley, Schaffer, and Rastrigin 10 H -100 100
F15 Hybrid of Bent Cigar, HGBat, Rastrigin, and Rosenbrock 10 H -100 100
F16 Hybrid of Expanded Schaffer, HGBat, Rosenbrock, and Modified Schwefel 10 H -100 100
F17 Hybrid of Katsuura, Ackley, Expanded Griewank & Rosenbrock, 0 H 100 o
Modified Schwefel, and Rastrigin
F18 Hybrid of High Conditioned Elliptic, Ackley, Rastrigin, HGBat, and Discus 10 H -100 100

Hybrid of Bent Cigar, Rastrigin, Expanded Griewank & Rosenbrock,
F19 10 H -100 100
Weierstrass, and Expanded Schaffer

Hybrid of HappyCat, Katsuura, Ackley, Rastrigin, Modified Schwefel, and

F20 10 H -100 100
Schaffer

F21 Composition of Rosenbrock, High Conditioned Elliptic, and Rastrigin 10 C -100 100

F22 Composition of Rastrigin, Griewank, and Modified Schwefel 10 C -100 100

F23 Composition of Rosenbrock, Ackley, Modified Schwefel, and Rastrigin 10 C -100 100

F24 Composition of Ackley, High Conditioned Elliptic, Girewank, and Rastrigin 10 C -100 100

F25 Composition of Rastrigin, HappyCat, Ackley, Discus, and Rosenbrock 10 C -100 100

Composition of Expanded Scaffer, Modified Schwefel, Griewank,
F26 10 C -100 100
Rosenbrock, and Rastrigin

(continued on next page)

165



Table B.2. (continued).

No Function D Low Up
Composition of HGBat, Rastrigin, Modified Schwefel, Bent-Cigar,

F27 P i, Modit / # 10 100 100
High Conditioned Elliptic, and Expanded Scaffer
Composition of Ackeley, Griewank, Discus, Rosenbrock, HappyCat,

F28 10 -100 100
and Expanded Scaffer

F29 Composition of three hybrid functions (F15, F16, and F17) 10 -100 100

F30 Composition Function 10 (with three functions) 10 -100 100
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APPENDIX D - Feature Set Used in Botnet Detection

Table D.1. Feature set used for botnet detection.

# Feature Description

1 Flow_Duration Flow duration

2 Tot_Fwd_Pkts Total # of forward packets

3 Tot_Bwd_Pkts Total # of backwark packets

4 TotLen_Fwd_Pkts Total length of forward packets

5 TotLen_Bwd_Pkts Total length of backward packets

6 Fwd_Pkt_Len_Max Max. of the lengths of forward packets

7 Fwd_Pkt_Len_Min Min. of the lengths of forward packets

8 Fwd_Pkt_Len_Mean Mean of the lengths of forward packets

9 Fwd_Pkt_Len_Std Std. Dev. of the lengths of forward packets

10 Bwd_Pkt_Len_Max Max. of the lengths of backward packets

11 Bwd_Pkt_Len_Min Min. of the lengths of backward packets

12 Bwd_Pkt_Len_Mean Mean of the lengths of backward packets

13 Bwd_Pkt_Len_Std Std. Dev. of the lengths of backward packets

14 Flow_Byts_s Size of the packets (in byte) in the flow per second
15 Flow_Pkts_s # of packets in the flow per second

16 Flow_IAT Mean Mean of the intervals among the packets

17 Flow_IAT_Std Std. Dev. Of the intervals among the packets

18 Flow_IAT_Max Max. of the intervals among the packets

19 Flow_IAT_Min Min. of the intervals among the packets

20 Fwd_IAT_Tot Sum of the intervals among the forward packets

21 Fwd_IAT_Mean Mean. of the intervals among the forward packets
22 Fwd_IAT_Std Std. Dev. of the intervals among the forward packets
23 Fwd_IAT_Max Max. of the intervals among the forward packets
24 Fwd_IAT_Min Min. of the intervals among the forward packets

25 Bwd_IAT_Tot Sum of the intervals among the backward packets
26 Bwd_IAT Mean Mean. of the intervals among the backward packets
27 Bwd_IAT_Std Std. Dev. of the intervals among the backward packets
28 Bwd_IAT_ Max Mazx. of the intervals among the backward packets
29 Bwd_IAT_Min Min. of the intervals among the backward packets
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Table D.1. (continued).

# Feature Description

30 Fwd_PSH_Flags # of PSH flags in forward packets

31 Bwd_PSH_Flags # of PSH flags in backward packets

32 Fwd_URG_Flags # of URG flags in forward packets

33 Bwd_URG_Flags # of URG flags in backward packets

34 Fwd_Header_Len Sum of the header len. of the forward packets
35 Bwd_Header_Len Sum of the header len. of the backward packets
36 Fwd_Pkts_s # of forward packets per second

37 Bwd_Pkts_s # of backward packets per second

38 Pkt_Len_Min Min. of the packet lengths in the flow

39 Pkt_Len_Max Max. of the packet lengths in the flow

40 Pkt_Len_Mean Mean of the packet lengths in the flow

41 Pkt_Len_Std Std. Dev. Of the packet lengths in the flow

42 Pkt_Len_Var Variance of the packet lengths in the flow

43 FIN_Flag Cnt # of FIN flags in the flow

44 SYN_Flag_Cnt # of SYN flags in the flow

45 RST_Flag Cnt # of RST flags in the flow

46 PSH_Flag_Cnt # of PSH flags in the flow

47 ACK _Flag Cnt # of ACK flags in the flow

48 URG_Flag_Cnt # of URG flags in the flow

49 CWE_Flag_Count # of CWE flags in the flow

50 ECE_Flag_Cnt # of ECE flags in the flow

51 Down_Up_Ratio Ratio of the # of the fwd. pcks to the # bwd.pcks
52 Pkt_Size_Avg Average size of the packets in the flow

53 Fwd_Seg_Size_Avg Average size of the forward packets

54 Bwd_Seg_Size_ Avg Average size of the backward packets

55 Fwd_Byts_b_Avg Average size per bulk of the forward packets
56 Fwd_Pkts_b_Avg Average of total forward packets per bulk

57 Fwd_BIlk_Rate_Avg Average bulk rate of the forward packets

58 Bwd_Byts_b_Avg Average size per bulk of the backward packets
59 Bwd_Pkts_b_Avg Average of total backward packets per bulk
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Table D.1. (continued).

# Feature Description

60 Bwd_BIlk_Rate_Avg Average bulk rate of the backward packets

61 Subflow_Fwd_Pkts # of subflows in forward direction

62 Subflow_Fwd_Byts Size of the subflows in forward direction

63 Subflow_Bwd_Pkts # of subflows in backward direction

64 Subflow_Bwd_Byts Size of the subflows in backward direction

65 Init_Fwd_Win_Byts Size of initial TCP window of forward packet
66 Init_Bwd_Win_Byts Size of initial TCP window of backward packet
67 Fwd_Act_Data_Pkts Size of the ACK ed forward packets

68 Fwd_Seg_Size_Min Min. segment size of forward packets

69 Active_Mean Mean active times of the flow

70 Active_Std Std. Dev. Of Active times of the flow

71 Active_Max Max. of active times of the flow

72 Active_Min Min. of active times of the flow

73 Idle_Mean Mean idle times of the flow

74 Idle_Std Std. Dev. Of'idle times of the flow

75 Idle_Max Max. of idle times of the flow

76 Idle_Min Min. of idle times of the flow

77 Fwd_1st_Payload Size of the first forward packet

78 Bwd_1st_Payload Size of the first backward packet
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APPENDIX E - Definitions of Design Problems

e Welded-beam Problem:

minimize f(x) = 1.104712%29 + 0.048112324(14.0 + 5
1

subject to  gi(x

where

(CC) — Trmax S 0

(x)

92(x) = 0(2) = Omaz < 0

gs(x) =21 — 24 <0

ga(x) = 0.1047122 + 0.048112324(14.0 + 25) — 5.0 < 0
gs(x) =0.125 — 2, <0

ge(x) = 0(x) — omax <0

gr(x) = P — Pufx) <0

T(w) — \/(7_/)2 +27_/7_//gr_12% + (7_//>2

/ P
T =
V2z1 20
N _ MR
T =77

M=P(L+%2)
R=y5 o+ (252

7= [ (5)])

o(x) = EZL:%
3
d(x) gfgfm

232§
Pox) = 4.013E4/ %42 _n [E
c\ib) = 2 iG

P = 6000lb, L = 14in, démax = 0.25in, £ = 30 x 10%psi
G =12 x 10psi, Tyaz = 13600psi, Opmaes = 30000psi.
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e Spring Design Problem:

minimize f(x) = (x5 + 2)w2?

subject to g1(x) =1 g )

(z) o 71785z =
g2(x) = 125%?(;;1?{?1‘{) + 51018@% —1=<0
gs3(x) =1— % <0
ga(x) =25 —1<0

e Pressure Vessel Problem:

minimize f(x) = 0.6224x x324 + 1.7781z972 + 3.166123x4 + 19.842% 73

() = —21 +0.019325 < 0
ga2() = —x5 +0.00954 < 0

s(x) = —madr, — wad + 1296000 < 0
ga(x) =24 —240 <0

subject to gy (x

xr

S

e Three-bar Truss Design:
minimize f(x) = (2\/§x1 + x2> L

subjectto gy(x) = 2LH_ P _ 5 <

V223 42miw0
g2(x) = \/ﬁa:%TQxlng —0<0
93(®) = cm P =0 <0

where L =100cm, P =2KN/cm? o =2KN/cm?
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e Speed Reducer:

minimize f(x) = 0.7854x12%(3.333322 + 14.9334x3 — 43.0934)
—1.508z1 (22 4 22) + 7.4777(x} + 23)

subject to  gi(x) = gmzcgm -1<0
g2(m) =2 —1 <0
23
92(@) = 5ot ~1<0
23
p(@) = a—1<0
9 1/2
((14255;) +16.9><106)
95(®) = 110.023 / —1=<0
1/2
((24255;)2“57.5“06)
gs(x) = 85.003 —1<0
gs(x) =22 —1 <0
go(x) = for; — 1 =0

glg(w):”’x;—jlg—lgo
(

g1t fB) — 1.11;;1.9 -1 S 0
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APPENDIX F - Definitions of Multi-objective Problems

e DTLZ1:

minimize fi(x) = %wlxg N V] (1 +g (mM)) ,

minimize fy(x) = txizs--- (1 —ay-1) (1+ g (®m))

minimize fy_1(x) = %m (1 — ) (1 +9g (wM)) )

minimize fu (x) =3 (1 —21) (1+ g (zm)),

subjectto 0<ux; <1, i={1,2,---,n}, n=M+ |xp| — 1,

g (xpr) =100 (]wM| + Y (x;—0.5)° — cos (207 (z; — 0.5)))

e DTLZ2:

MINIMILZEe

minimaize

MINIMILZE

subject to

e DTLZ3:

minimize fi(x)

minimize fo ()

TiET N

fi(@) = (1+ g (xm)) cos (z17/2) - - - cos (zp—17/2)
fo(x) = (1+ g (xm)) cos (z17/2) -+ -sin (zp_17/2)

fu (x) = (1+g(:1:M)) sin (56'17'('/2),
0<z;<1, i={1,2,---,n}, n=M+ |xzp| — 1,

g(@nr) =X, cx,, (z: —0.5)°

(1+ g (xm)) cos (z17/2) -+ - cos (wp—17/2)
(1+ g (zar)) cos (z17/2) - - - sin (zy-17/2)

minimize fy (x) = (14 g (zpr)) sin (z17/2) ,

subjectto 0<ux; <1, i={1,2,--- ,n}, n=M+ |xp|—1,

g (xpg) = 100 (|a:M| + 3 (2 —0.5)% — cos (207 (; — 0.5)))

T, €T\
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e DTLZ4:

minimize fi(x) = (1+ g(xm)) cos (z§7/2) - - - cos (25,_,7/2)

minimize fo(x) = (1+ g (zpr)) cos (z§m/2) - - -sin (z5,_,7/2) ,

minimize fu (z) = (1+ g (zar)) sin (2§7/2)

subjectto 0<ux; <1, i={1,2,--- ,n}, n=M + |xp| -1, a =100,

g (wM) = ZIZEXM (l’l - 05)2

e DTLZS5:
minimaize

minimize

minimaize

subject to

e DTLZé6:

minimize

minimize

minimize
minimize

subject to

fi(x) = (14 g (xm)) cos (17/2) - - - cos (Opr—17/2) ,
fo(x) = (1+ g (xnm)) cos (017/2) - - -sin (p_17/2)

fur () = (14 g (zpr)) sin (617/2)
OSIE@SL 22{1,2, ,n}, n:M—|—|:cM|—1,
g<wM) :ineXM x?-l’

il (331) = I,
fa (wz) = T2,

S 1($UM 1)— TM-1,
1+ g (xm—1 )h(fl,fm"',fM—hg),
0<z;<1, i={1,2,---,n},n=M+|xp| — 1,

/N

fM iBMl

g (wM) - 1 + kvs;M‘ Z:cieXM L
h=M-— M [lfjg (1 + sin (37rfi))],

182



e DTLZ7:

L 1 L34 ] S
minimize fj(m)—mz [G-nyz | T j=1,---M,

M

subject to  g;(x) = fu (m) +4f;(®) —1>0, j={1,--- (M —-1)},
gM(w):sz< )+m1nz7é]2j 1[fl( )+f]($>]_120’
0<uz; <1, i={l,--- ,n}, n=10M

L LZ09F1 :

0.5(1.0+%) ) ?

. . . _ 2
minimize f1 =x; + T ZjeJl (xj — Ty

Ny, ) 0.5(10+2=2)

minimize fo=1—/T1+ 77 ey, Tj— 1T,
={jljisodd, 2<j<n}
:{j]jiseven,QSjgn}

L LZ09F2:

2
. . . 2 . ]
minimize fi =1+ > i (zj — sin <67m"1 + %))

2
minimize fo=1— /T + % Z]EJQ (xj — sin (67T1E1 + %))
={jljisodd, 2<j<n}

={jljiseven, 2<j<n}
L4 LZ09F3:

2
minimize fi = x + ‘J—21| dien (xj — 0.87 cos (67rx1 + %))

2
minimize fy=1— /11 + |J2—2‘ Z]EJQ (xj — 0.8x1 sin (67TI1 + %))
Ji={jljisodd, 2<j<n}

=1Jljiseven, 2<j57<n
{7 }
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L LZ09F4:
2
.. 2 6mry+ 1T
mimimize fi =x1 + i ZjeJl x; — 0.8x; cos (—3 ” >
. 2
minimize fo=1—\/x] + |}—2‘ Zjng (:L‘j — 0.8z sin (67m:1 + %))

Ji={jliisodd 2 <j<n}

ng{j\jiseven, 2§j§n}
L4 LZ09F5:

2
minimize  fi = r1 + % > jen {xj - [0-3$% Ccos (247rx1 + 4%) + 0.6391] cos (67r:v1 + j:)}

2
minimize  fo =1=\/T1 + 171 Ljer, {xﬂ' - [0‘31’? cos (24ra; + 497 + 0.6:01} sin (671 + ﬁf)}

Jy={jljisodd, 2<j<n}
ng{j|jiseven72§j§n}

o LZ09:

2

minimize fi1 = cos (0.5x1m) cos (0.5x9m) + ﬁ ZjeJl (xj — 2x9 sin (27rx1 + J;))
2

minimize fo = cos (0.5z17) sin (0.5z97) + ﬁ Zjng <xj — 2x9 sin (27rx1 + T))

2
minimize f3 = sin (0.5x17) + ﬁ Zjer (:zrj — 2x9 sin (27rx1 + JJ))
Ji = {]| 3<j<mn, j—1isamultiplication of 3}
Jy = {]| 3<j<n, j—2isamultiplication of 3}
Jo ={j|3<j<n,jisamultiplication of 3}
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° LZ09F7:

) LZ09F8:

° LZ09F9:

e ZDTI1:

minimize

minimize

fi=mx + |J2—1|Zj6]1 (4%2 — cos (8y;m) + 1.0)
fo=1—/zi+ IJ_QzIZJ'GJz <4y]2- — cos (8y;m) + 1.0>
Ji={jljisodd, 2<j<n}

ng{j[jiseven, 2§j§n}

3(-2)
o 05(10+29=2) )
Yji =T Ty y ] = 4,1

fo=1

20y,
v /xl—i-% <4Zjej2yj2—2njej2(zos( \% >+2>

Ji={jljisodd 2<j<n}

J2:{j|jiseven,2§j§n}

0.5(1.04+24=2
yj:a?j—x1< n72),j:2,...,n
. 2
minimize f1 =x1+ |J2—1‘ Zjejl (mj — sin (67rx1 + %))
2
minimize fo=1— 2%+ ‘J—22| Zjej2 (xj — sin <67rx1 + %))
Ji={jljisodd 2<j<n)
Jy={jljiseven, 2<j<n}
minimize fi(x1) = x1,
minimize f2 (IE) ) (33'27 s 7xm) h (fl (x1> ) (1'27 s 7xm)) )

g(ZL'Q,,l'm):].—"gZ:’iQ(mz—il),
h(flag)zl_ V fl/ )

= (x1,...,7m)
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o ZDT2:

minimize fi(x1) = x,

minimize fo(x) =g (x9,...,2m)h (fl (r1),9 (za, ... ,:vm)) ,
(@ xm) =14+930", (mw_il),
h(fi,9)=1- (%)27

x=(21,...,Tn)

e ZDT3:

minimize fi(x1) = x4,

minimize fo (@) = g (T2, ..., xn) h (fi(21),9 (22, ..., 2m)),
g(xg,...,xm):1+92?;2(wf—_i1),
h(fi,9)=1-+/fi/g - (%) sin (107 f1)

x=(21,...,Tn)
e 7DT4:

minimize fi (x1) = x1,

minimize fo(x) =g (x9,...,Tm)h (f1 (x1),9 (xg, ... ,mm)) ,
g (22, xp) =14+10(m — 1) + 31", (27 — 10 cos (47z;)) ,
h(fl,g):l—m,

= (21,...,Tn)
e ZDT6:

minimize fi(z1) =1 — exp (—4dx;)sin® (67z;),

minimize fo () = g (o, ..., 2m) b (fi (21), 9 (22, ., Tm))
9 vm) =109 (S ) /m = 1)
h(fi,9)=1- (%)27

x=(21,...,Tn)
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APPENDIX G - Experimental Results on Multi-objective Optimization Problems

Table G.1. Mean and standard deviation values of HV metric obtained by PD-EFO, NS-EFO, and

CB-EFO.
Algorithms
PD-EFO NS-EFO CB-EFO
Problem Mean S.D. Mean S.D. Mean S.D.
DTLZ1 4.23e-01 8.8e-02 4.35e-01 3.5e-01
DTLZ2 3.78e-01 5.4e-03 3.78e-01 4.7e-03
DTLZ3 0.00e+00  0.0e+00 2.58e-04 1.8e-03
DTLZ4 1.03e-01 5.1e-02
DTLZS 8.86e-02 1.7e-03 9.30e-02 1.5e-04
DTLZ6 7.99e-02 5.5e-03 9.37e-02 2.1e-04
DTLZ7 2.81e-01 6.6e-03
L7095 6.46e-01 4.2e-03 6.59e-01
LZ09> 5.95e-01 5.68e-01 2.9e-02
LZ09¢3 6.23e-01 7.8e-03 6.26e-01 8.0e-03
LZ0954 6.33e-01 4.9¢-03 6.28e-01 5.5e-03
LZ09gs 6.31e-01 6.5e-03 6.36e-01 5.7e-03
LZ09¢ 2.53e-01 2.3e-02 2.33e-01 5.9e-02
LZ09¢; 4.52e-01 5.4e-02 3.86e-01 7.4e-02
LZ09ys 4.24e-01 5.3e-02 3.72e-01 6.5e-02
LZ09x9 2.69e-01 2.2e-02 2.45e-01 2.6e-02
WFG1 1.12e-01 1.7e-02 6.28e-01 2.5e-02
WFG2 5.27e-01 8.7e-03 5.64e-01 1.5e-04
WFG3 3.95e-01 9.3e-03 4.42e-01 1.4e-04
WFG4 2.10e-01 2.8e-03 2.17e-01
WFGS5 1.93e-01 8.1e-04 1.97e-01 1.2e-03
WFG6 1.67e-01 4.3e-03 2.03e-01 9.6e-03
WFG7 2.00e-01 2.1e-03 2.10e-01
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Table G.1. (continued.)

Algorithms
PD-EFO NS-EFO CB-EFO
Problem Mean S.D. Mean S.D. Mean S.D.

WFG8 1.59¢-01 1.0e-02 1.56e-01 1.7e-02
WFG9 2.05e-01 5.4e-03 2.38e-01

7DT1 6.55e-01 1.4e-03 6.61e-01 2.7e-04

ZDT2 1.83e-01 5.4e-02 3.27e-01 2.1e-04

ZDT3 5.12e-01 8.5e-04 5.15e-01

7ZDT4 3.43e-01 8.2e-02 5.20e-01 1.4e-01
7ZDT6 3.72e-01 9.3e-03 3.99¢-01

Table G.2. Mean and standard deviation values of SPREAD metric obtained by PD-EFO, NS-EFO,

and CB-EFO.
Algorithms
PD-EFO NS-EFO CB-EFO

Problem Mean S.D. Mean S.D. Mean S.D.
DTLZ1 7.76e-01 2.7e-01 7.95e-01 4.1e-02

DTLZ2 7.16e-01 5.7e-02 6.45e-01 3.3e-02

DTLZ3 8.98e-01 1.6e-01 6.87e-01
DTLZ4 7.12e-01 2.3e-01 6.56e-01 4.3e-02

DTLZS 7.42e-01 5.5e-02 4.74e-01 4.1e-02

DTLZé6 8.69¢-01 6.9¢-02 6.31e-01 4.2e-02

DTLZ7 9.55e-01 5.4e-02 7.51e-01 4.2e-02

LZ09r1 8.89e-01 5.2e-02 2.62e-01 2.7e-02

LZ09; 1.36e+00  5.6e-02 1.46e+00  7.8e-02
LZ09g3 7.91e-01 7.1e-02 8.40e-01 6.1e-02
LZ0954 5.96e-01 9.0e-02
LZ09s 7.72e-01 5.6e-02
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Table G.2. (continued.)

Problem
LZ095¢
LZ09;
LZ09ys
LZ0959
WFG1
WFG2
WFG3
WFG4
WFGS5
WFG6
WFG7
WFGS8
WFG9
ZDT1
7ZDT2
ZDT3
ZDT4
7ZDT6

Algorithms
PD-EFO NS-EFO CB-EFO

Mean S.D. Mean S.D. Mean S.D.
8.92e-01 1.2e-01 7.15e-01 1.0e-01
1.43e+00  1.7e-01 1.33e+00  2.9e-01
1.47e+00  1.0e-01 1.33e+00  2.4e-01

1.40e+00  6.6e-02 1.60e+00  1.5e-01

1.00e+00  8.9e-03 6.39e-01 4.0e-02

8.88e-01 9.9e-02 7.77e-01 9.2e-03

7.27e-01 4.1e-02 5.80e-01 2.6e-02

7.83e-01 4.4e-02 4.42e-01 3.9e-02

8.04e-01 4.7e-02 4.97e-01 4.2e-02

6.13e-01 6.3e-02 3.79e-01 3.1e-02

7.64e-01 6.7e-02 4.05e-01 2.5e-02

9.67e-01 6.3e-02 6.27e-01 4.2e-02

6.31e-01 7.5e-02 4.29e-01 3.0e-02

7.79¢-01 5.5e-02 4.06e-01 2.7e-02

7.03e-01 2.1e-01 3.97e-01 3.0e-02

1.09e+00  5.3e-02 7.45e-01 1.3e-02

6.48e-01 1.5e-01 4.08e-01 1.1e-01

1.34e+00  8.5e-02 6.55e-01 1.2e-01
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Table G.3. Mean and standard deviation values of EPSILON metric obtained by PD-EFO, NS-EFO,

and CB-EFO.
Algorithms
PD-EFO NS-EFO CB-EFO
Problem Mean S.D. Mean S.D. Mean S.D.
DTLZ1 2.10e-01 4.9¢-02 1.64e-01 1.3e-01
DTLZ2 1.36e-01 4.0e-02 1.26e-01
DTLZ3 3.37e+00  8.5e-01 2.69e+00  1.1e+00
DTLZ4 7.07e-01 1.6e-01 1.12e-01 1.7e-02
DTLZS 2.50e-02 6.1e-03 9.86e-03
DTLZ6 4.36e-02 1.5e-02 1.05e-02 2.6e-03
DTLZ7 2.41e-01 1.5e-01 1.60e-01
LZ09r 8.97e-02 2.9e-02 1.07e-02
LZ09y; 1.13e-01 1.45e-01 3.8e-02
LZ09¢3 1.05e-01 1.8e-02 9.89¢-02 2.4e-02
LZ0954 1.41e-01 3.2e-02 1.67e-01 2.8e-02
LZ09gs 8.31e-02 2.2e-02 7.40e-02 1.8e-02
LZ09¢ 2.67e-01 2.1e-02 3.50e-01 1.8e-01
LZ09¢; 3.51e-01 1.0e-01 4.40e-01 1.1e-01
LZ09ys 3.50e-01 1.1e-01 4.38e-01 1.1e-01
LZ09xy 1.36e-01 1.52e-01 4.7e-02
WFG1 1.77e+00  3.6e-02 5.98e-02
WFG2 7.95e-01 1.2e-01 1.33e-02 2.2e-03
WFG3 2.43e+00  1.5e-01 2.00e+00  1.5e-04
WFG4 1.03e+00  3.3e-01 3.33e-02 5.4e-03
WFGS5 3.06e-01 1.4e-01 7.56e-02 1.3e-02
WFG6 3.54e-01 1.4e-01 3.79e-02 1.3e-02
WFG7 4.18e-01 2.5e-01 3.54e-02 8.8e-03
WFGS8 6.13e-01 2.2e-01 4.20e-01 1.1e-01
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Table G.3. (continued.)

Algorithms

PD-EFO NS-EFO CB-EFO
Problem Mean S.D. Mean S.D. Mean S.D.
WFG9 1.58e-01 4.4e-02 3.64e-02 7.0e-03
7DT1 3.05e-02 6.4e-03 1.27e-02 2.5e-03
7DT2 3.58e-01 1.8e-01 1.29e-02 1.8e-03
ZDT3 2.03e-02 1.5e-02 8.21e-03 1.9¢-03
ZDT4 4.13e-01 1.3e-01 1.25e-01 1.4e-01
7ZDT6 7.03e-02 3.5e-02 1.20e-02

Table G.4. Mean and standard deviation values of IGD metric obtained by PD-EFO, NS-EFO, and

CB-EFO.
Algorithms
PD-EFO NS-EFO CB-EFO
Problem Mean S.D. Mean S.D. Mean S.D.
DTLZ1 3.03e-03 7.8e-04
DTLZ2 9.10e-04 5.8e-05
DTLZ3 5.07e-02 1.4e-02 5.72e-02
DTLZ4 5.51e-03 1.8e-03 1.21e-03
DTLZS 5.09e-05 1.3e-05 1.97e-05
DTLZ6 3.44e-04 1.3e-04 5.58e-05 3.9e-06
DTLZ7 4.17e-03 7.1e-04 2.74e-03 3.4e-04
LZ09r 2.26e-03 9.0e-04 2.43e-04 8.8e-06
LZ09, 2.93e-03 1.1e-03 4.27e-03 1.4e-03
LZ09¢3 2.61e-03 6.2e-04 2.62e-03 8.1e-04
LZ0954 3.62e-03 1.3e-03 4.62e-03 1.1e-03
LZ09gs 1.96e-03 5.8e-04 1.76e-03 5.3e-04
LZ09¢ 5.20e-03 7.0e-04 6.56e-03 2.9e-03
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Table G.4. (continued.)

Problem

LZ09s
LZ0959

WFG1
WFG2
WFG3
WFG4
WFGS
WFG6
WFG7
WFG8
WFGY9
ZDT1
7ZDT2
ZDT3
ZDT4
ZDT6

Algorithms
PD-EFO NS-EFO CB-EFO
Mean S.D. Mean S.D. Mean S.D.

2.65e-02
7.93e-03
3.68e-03
6.45e-04
1.11e-03
2.31e-03
3.55e-04
3.11e-03
6.75e-04
4.32e-04
6.53e-03
4.60e-04
9.37e-03
1.18e-03

1.12e-02 4.2e-03 1.52e-02 4.2e-03
1.00e-02 4.1e-03 1.47e-02 4.7e-03
2.91e-03

1.1e-03 4.05e-03 1.3e-03

3.59%e-04

4.1e-05
1.1e-03 3.54e-04

3.4e-04 3.01e-03 3.1e-07

2.2e-04 1.77e-04

2.0e-04 9.32e-04

3.9e-04

5.6e-05

5.0e-04 3.19e-03 8.9e-04
1.3e-04 1.34e-04

7.2e-05 1.86e-04 1.2e-05

3.0e-03 1.89e-04 8.1e-06

1.4e-04 1.29e-04

3.3e-03 3.57e-03 3.8e-03
3.9¢e-04 2.21e-04
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Figure G.1. Convergence to optimal Pareto fronts from DTLZ1 to DTLZ7.
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Figure G.2. Convergence to optimal Pareto fronts from LZ09g; to LZ09gs.
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Figure G.3. Convergence to optimal Pareto fronts from LZ09gs to LZ09go.
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Figure G.4. Convergence to optimal Pareto fronts from WFG1 to WFGS.
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Figure G.5. Convergence to optimal Pareto fronts from WFG6 to WFG9.
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Figure G.6. Convergence to optimal Pareto fronts from ZDT1 to ZDT6.
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