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Kisith Miihendislik Problemlerinin Karsilastirmah
Agirhik ve Maliyet Optimizasyonu

Aybike Ozyiiksel Ciftcioglu’

0z

Miihendislik alanindaki gergek diinya problemleri genellikle dogrusal olmayan veya kisith tasarim prob-
lemleridir. Pek ¢ok nedenden &tiirii, bir mithendis yalnizca uygun sekilde caligan herhangi bir tasarimi
degil, en iyi tasarimi elde etmek ister. En iyi tasarimi belirleme siirecine optimizasyon denir. Optimizasyon
ile mevcut kisitlayicilar saglayarak belirli bir amag fonksiyonunu elde edecek sekilde problemin en iyi
tasarimi belirlenir. Bu ¢aligmada ¢esitli esitlik ve esitsizlik kisitlamalar1 olan ¢ekme/basing yay1, kaynakli
kiris ve basingl kap tasarimlar1 olmak iizere ii¢ gergek diinya miihendislik tasarim problemi optimize edil-
meye ¢alisilmis, tasarim problemlerinin optimum degiskenleri belirlenmistir. Optimizasyon siirecinde sekiz
farkli algoritma kullanilmis, gergek miihendislik problemlerine ait en iyi tasarimlar olusturulmaya ¢aligil-
mustir. Optimizasyon algoritmalari, meta-sezgisel algoritmalarin alt dallarindan olan evrimsel tabanl, siirii
tabanli, matematik tabanli ve fizik tabanli algoritmalardan seg¢ilmistir. Bunlarin yani sira, algoritmalarin
sonuglart yakinsama egrileri ve kutu grafikler yardimiyla birbirleri ile kiyaslanmustir. Gri kurt algoritmasi
her ii¢ problemde de en basarili performans gosteren algoritma olmustur. Bunun yani sira, siirii tabanli,
fizik tabanli ve matematik tabanli algoritmalar ger¢ek miihendislik problemlerini optimize etmede diger
algoritmalardan daha iyi sonug¢ vermistir.

Anahtar Kelimeler: Basingh kap tasarimi, gekme- germe yay tasarimi, kaynakl kiris tasarimi, optimizasyon

Comparative Weight and Cost Optimization of Constrained
Engineering Problems

ABSTRACT

Real-world problems in engineering are often nonlinear or constrained design problems. For many reasons,
an engineer wants to get the best design, not just any that works properly. The process of determining
the best design is called optimization. With optimization, the best design of the problem is determined
to achieve a specific objective function by providing the current constraints. In this study, three real-
world engineering design problems are tried to be optimized, namely tension/compression spring, welded
beam, and pressure vessel designs with various equalities and inequality constraints. In the optimization
process, eight different algorithms are used, the best designs are created, and the optimum variables of the
problems are determined. Optimization algorithms are selected from evolutionary-based, swarm-based,
mathematics-based, and physics-based algorithms, which are sub-branches of metaheuristic algorithms. In
addition, the results of the algorithms are compared with each other with the help of convergence curves
and box graphs. The grey wolf algorithm is the algorithm that showed the most successful performance in
all three problems. Besides, swarm-based, physics-based, and math-based algorithms performed better than
other algorithms in optimizing real engineering problems.
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EXTENDED ABSTRACT

Introduction/ Background

Meta-heuristic methods are often inspired by simple concepts such as physical phenomena, animal be-
havior, evolutionary trends. They are easily adaptable to different types of problems. The optimization
process starts with random solutions and they have a superior ability to avoid local optima compared to
traditional optimization techniques. Meta-heuristic methods are generally divided into two main classes:
single solution-based and population-based. The search process for single solution-based meta-heuristics
starts with a candidate solution. This single candidate solution is developed through iterations. However,
population-based metaheuristics perform the optimization using a set of solutions (populations). In this
case, the search process starts with a random initial population (multiple solutions), and this population is
developed throughout iterations. Population-based meta-heuristics have a broader knowledge of the search
space by having more than one solution. In addition, they have advantages in terms of avoiding local optima
more easily and having a wider research area compared to single solution-based methods. Some of the po-
pulation-based meta-heuristics are: Swarm Intelligence, Physics-Based, Mathematics Based, Evolutionary
based, etc. are algorithms. The main complexity in many real engineering problems comes from the size of
the problem, its constraints, and the interaction of variables. In this study, three different real engineering
problems with various constraints were optimized using eight different optimization algorithms, namely
Gravitational Search Algorithm (GSA), Particle Swarm Optimization (PSO), Biogeography-Based Optimi-
zation (BBO), Genetic Algorithm (GA), Differential Evolution (DE), Salp Swarm Algorithm (SSA), Sine
Cosine Algorithm (SCA), and Grey Wolf Optimizer (GWO), and optimum variables of the problems were
obtained. Besides, the performance comparison of eight algorithms was made by drawing convergence
curves and boxplots.

Objectives/ Research Purpose

The study has two main objectives: First, to obtain the best variable values by optimizing three real en-
gineering problems (welded beam design problem, tension-compression spring problem, pressure vessel
design problem) with various equality and inequality constraints, and then to compare the performances
of eight different metaheuristic algorithms over these problems using various methods like convergence
curves and boxplots.

Methods/ Methodology

Three real engineering design problems with various equality and inequality constraints are used: welded
beam, tension/compression spring, and pressure vessel designs. Each design problem was solved with
eight different optimization algorithms (GSA, PSO, BBO, GA, DE, SSA, SCA, and GWO). It has been
tried to obtain optimum cost in welded beam and pressure vessel designs, and optimum weight in tension/
compression spring design. During the optimization, 30 simulations were made for each algorithm so that
the best, worst and average values of each algorithm were compared with each other. For each problem, the
performances of the algorithms were compared within themselves with the help of convergence curves and
box plots, and the best variable values giving the optimum objective functions were determined.

Results/ Findings

Optimum results of engineering problems are illustrated in Table 8. According to the table, optimum values
found for h (thickness of the weld), 1 (length of the welded joint), t (width of the beam), and b (thickness
of the beam) values, which give the lowest cost in the welded beam design problem, were 0.21, 3.29, 9.04,
and 0.21, respectively. The d (wire diameter), D (mean coil diameter), N (number of active coils) variable
values giving the optimum weight of the tension-compression spring design problem were 0.05, 0.33, and
13.14, respectively. Optimum Ts (shell thickness), Th (thickness of the head), R (inner radius) and L (length
of the cylindrical section of the vessel) variable values giving the optimum cost in the pressure vessel de-
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sign problem were 0.74, 0.37,40.32 and 200, respectively. While GWO was the algorithm that gave the best
results in the welded beam and pressure vessel design problems, it was the second-best algorithm by finding
a value very close to the PSO algorithm, which found the best value in the tension/compression spring
design problem. However, in the same problem, GWO found the most successful result in terms of average
and worst (highest) results. The GA, BBO, and DE algorithms were the most unsuccessful algorithms by
finding the highest results in all three problems in the best, worst and average values.

Table 8. Optimum Results Of Engineering Problems

Welded Beam Design Spring Design Pressure Vessel Design
X, 0.21 0.05 0.74
X, 329 0.33 0.37
X, 9.04 13.14 40.32
X, 0.21 - 200.00
f(x) 1.701 0.01269 5735.54
Results/ Findings

Optimum results of engineering problems are illustrated in Table 8. According to the table, optimum values
found for h (thickness of the weld), 1 (length of the welded joint), t (width of the beam), and b (thickness
of the beam) values, which give the lowest cost in the welded beam design problem, were 0.21, 3.29, 9.04,
and 0.21, respectively. The d (wire diameter), D (mean coil diameter), N (number of active coils) variable
values giving the optimum weight of the tension-compression spring design problem were 0.05, 0.33, and
13.14, respectively. Optimum Ts (shell thickness), Th (thickness of the head), R (inner radius) and L (length
of the cylindrical section of the vessel) variable values giving the optimum cost in the pressure vessel de
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1. GIRIS

Meta-sezgisel yontemler genellikle fiziksel olaylar, hayvanlarin davranislari, evrim-
sel egilimler gibi basit kavramlardan ilham alirlar. Farkli problem tiirlerine kolayca
uyarlanabilirler. Optimizasyon siireci rastgele ¢oziimlerle baslar ve geleneksel op-
timizasyon tekniklerine kiyasla yerel optimumdan kaginma konusunda {istiin yete-
neklere sahiptirler. Bununla birlikte, her problem tipi i¢in optimum sonucu veren bir
meta-sezgisel yontem yoktur [1]. Bazi meta-sezgiseller bir problem setinde en iyi
sonucu verirken farkli bir problem setinde kotii sonug verebilir. Her problem tipine
gore en basarili algoritmanin degismesi, yeni meta-sezgisel algoritmalarin olusturul-
masina ya da mevcutlarin gelistirilmesine imkan tanir. Literatiirde optimizasyon al-
goritmalarinin gelistirilmis (iyilestirilmis) versiyonlari ile ilgili [2—5], algoritmalarin
birlestirilmesi ile olusturulan hibrit algoritmalar [4-9] ile ilgili ya da yeni olusturulan
algoritmalarla ilgili ¢aligmalara rastlamak miimkiindiir.

Meta-sezgisel yontemler genel olarak tek ¢oziim tabanli ve popiilasyon tabanli olmak
tizere iki ana sinifa ayrilabilir [10]. Tek ¢oziim tabanli meta-sezgisellerin arama siireci
bir aday ¢oziimle baslar. Bu tek aday ¢6ziim iterasyonlar boyunca gelistirilir. Bununla
birlikte, popiilasyon tabanli meta sezgiseller, optimizasyonu bir dizi ¢dziim (popiilas-
yon) kullanarak ger¢eklestirir. Bu durumda arama siireci rastgele bir baglangi¢ popii-
lasyonu (birden ¢ok ¢oziim) ile baslar ve bu popiilasyon iterasyonlar boyunca gelisti-
rilir [11]. Popiilasyon tabanli meta-sezgiseller, birden fazla ¢6ziime sahip olmalari ile
arama uzay1 hakkinda daha genis bilgiye sahip olurlar. Bunun yani sira yerel optima-
lardan daha rahat kaginabilmeleri ve tek ¢oziim tabanli yontemlere kiyasla daha ge-
nis arastirma alanina sahip olmalar1 agilarindan stiinliiklere sahiptirler. Popiilasyon
tabanli meta-sezgisel yontemlerden bazilari: Siirii Zekali, Fizik Tabanli, Matematik
Tabanli, Evrimsel tabanli vb. algoritmalardir. [5] Siirii zekas1 basit bireylerden ortaya
cikan kolektif grup zekasidir. Siirii zekali tekniklerden bazilari: gri kurt (GWO) [10],
pargacik siirii (PSO) [12], salp siirtisii (SSA) [13], karinca kolonisi (ACO) [14] , gii-
ve-alevi (MFO) [15], yarasa (BA) [16] algoritmalaridir. Fizik tabanli tekniklerden
bazilart: yer¢ekimi arama (GSA) [17], biiyilik patlama- biiyiik ¢okiis (BBBC) [18] al-
goritmalaridir. Matematik tabanli algoritmalardan bazilari: siniis kosiniis (SCA) [19],
stokastik fraktal arama (SFS) [20] algoritmalaridir. Evrimsel algoritmalardan bazilari
ise: genetik algoritma (GA) [21], diferansiyel evrim (DE) [22], biyocografya tabanli
(BBO) [23] algoritmalardr.

Cok amach ve kisitlayicilara sahip problemlerin optimize edilmesi optimizasyon ala-
ninda hala 6nemli bir zorluk olarak kabul goriir. Literatiirde ¢ok amagli ve kisitlayici-
lara sahip ¢esitli problemlerin optimizasyonu ile ilgili yapilan ¢alismalara her gecen
glin bir yenisi eklenmektedir [24-27]. Algoritma performansini 6lgmenin en énemli
yolu algoritmalar1 benchmark problemleri iizerinden kiyaslamaktir. [28-31] ¢alisma-
larinda ¢esitli benchmark problemleri iizerinden optimizasyon algoritmalarini kiyas-
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lamiglardir. Bircok ger¢ek miihendislik problemlerindeki ana karmagiklik ise proble-
min boyutu, kisitlayicilara sahip olmasi ve degiskenlerin birbirleri ile etkilesiminden
kaynaklanir [32-36]. Bu ¢alismada GSA, PSO, BBO, GA, DE, SSA, SCA ve GWO
olmak iizere sekiz farkli optimizasyon algoritmast kullanilarak gesitli kisitlayicila-
ra sahip ti¢ farkli ger¢ek miihendislik problemi optimize edilmis ve problemlere ait
optimum degiskenler elde edilmistir. Bunun yani sira sekiz algoritmanin performans
kiyaslanmasi, yakinsama egrileri ve kutu grafikleri ¢izilerek yapilmistir.

2. GRi KURT OPTIiMiZASYON ALGORITMASI

Gri kurt optimizasyon algoritmas1 (GWO), Mirjalili [6] tarafindan 6nerilen yeni bir
meta sezgisel algoritmadir. GWO, dogadaki gri kurtlarin sosyal davranislarini taklit
eder. Sekil 1, dogadaki gri kurtlarin sosyal hiyerarsisi gosterilmektedir.

/Emmm

B b e

Sekil 1. Gri Kurtlara Ait Sosyal Hiyerarsi

Alfa, siiriideki kararlarin gogundan sorumlu olan grup lideridir. Beta ve Delta, Alfa’nin
karar vermesine ve siirliyli yonetmesine yardimci olur. Omega kurtlari, siiriideki diger
ii¢ baskin kurda saygi duyar ve gri kurt siiriisiiniin en diisiik seviyededirler. Gri kurt-
larin avlanmalari i¢in avini bulmalari ve ¢evrelemeleri gerekir. GWO’da gri kurtlar,
asagidaki denklemleri kullanarak avin etrafindaki konumlarini giinceller.

=|C.X()-X (1)
|C.Xp(t3 X(t)l ) o
X(t+1)=X,(t)—A.D

Burada C ve A katsayilardir. )_()p avin konumunu, ¥ ise gri kurtlarm konumunu
gosterir. Optimizasyon islemi sirasinda arama yarigap1 optimize edilmelidir, bu amag-
la yukaridaki formiilasyonlarda kullanilan iki katsaymin degeri asagidaki gibi hesap-
lanir.
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3)
T @)

Yukarida belirtilen denklemler, gri kurtlarin av etrafindaki konumlarimi giincelleme-
lerini saglar. Avlama iglemini gerceklestirmek i¢in asagidaki denklemler kullanilir.

Dy = |Ci. Xy — X|, Dp = |Cp. X — X|, Ds = |Cs. %5 — X| ®)
_1 = X)a - A)l-ﬁa' XZ = Xﬁ - A)z._D-)B, X3 = )?8 - A)3.l_))5 (6)
Xt+1)= % (7

GWO’ya ait so6zde kod Sekil 2’de gosterildigi gibidir.

Gri kurt popiilasyonunu baslar Xi (i = 1,2,..,n)
a, A ve C’vi baglat
Her aveimn amag fonksivonu degerini hesapla
Xo=en ivi aver
Xp=ikinci en ivi aver
Xg=iigiincii en ivi aver
while 1 < iterasvon savist
for her avci igin
meveut aveinn pozisyonuni giincelle
end for
a, A ve C'vi giincelle
Biitiin aveilarin amag fonksivonu degerlerini hesapla
X, Xpve Xy glincelle
t=t+1;
end while
return X,

Sekil 2. GWO Algoritmasi Sézde Kodu

3. KISITLI MUHENDISLiK PROBLEMLERININ OPTIMUM
BOYUTLANDIRILMASI

Bu boéliimde ¢esitli esitlik ve esitsizlik kisitlamalari olan ii¢ ger¢ek miihendislik ta-
sarim problemi kullanilmistir: kaynakli kiris, germe/sikistirma yay ve basingli kap
tasarimlari. Kaynakli kirisler, kat dosemeleri, ¢alisma platformlari, kopriiler, ving
kirigleri ve diger ¢elik yapilarda yaygin olarak kullanilmaktadir. Germe- sikistirma
yaylar1 otomobillerden (gbvdeye egilmek ve konforu artirmak icin koltuklarda, arag
hareket halindeyken yolun sert darbelerini emmek icin siispansiyonda ve hatta oto-
motiv hortumlarina destek saglamak amaciyla) ucaklara (hava tiirbinleri, yonlendir-
me sistemleri, motor kontrolleri, tekerlekler, frenler, sayaglar, yakit hiicreleri ve dizel
motorlar gibi bir ¢ok yerde), tibbi cihazlardan (cerrahi aletler ve ortopedik aletler
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gibi tibbi aletlerin yani sira kateterler, valfler, tekerlekli sandalyeler, endoskopik ci-
hazlar ve diger bir¢ok tibbi ekipman yapiminda) atesli silahlara pek ¢ok alanda genis
bir kullanima sahiptir. Basingl kap, gazlari veya sivilart ortam basincindan énemli
6l¢iide daha yiiksek veya daha diisiik bir basingta tutmak i¢in tasarlanmis kapali bir
kaptir. Sterilizatorler, sikistirilmis gaz silindirleri, kompresdrler (sogutma dahil), va-
kum odalar1 ve 6zel olarak tasarlanmis laboratuvar kaplari basingli kaplarin kullanim
alanlarma 6rnek olarak gosterilebilir. Her tasarim problemi sekiz farkli optimizasyon
algoritmasi (GSA, PSO, BBO, GA, DE, SSA, SCA ve GWO) ile ¢oziilmiis, kaynakl
kiris ve basinglt kap tasarimlarinda optimum maliyet, germe/sikistirma yay tasari-
minda ise optimum agirlik elde edilmeye ¢aligilmistir. Optimizasyon yapilirken her
algoritma i¢in 30 simiilasyon yapilmis ([10]) boylece her algoritmanin en iyi, en koti
ve ortalama degerleri birbirleriyle kiyaslanmistir. Her bir problem i¢in algoritmalarin
performanslari kendi i¢inde kiyaslanarak, optimum amag fonksiyonlarini veren en iyi
degisken degerleri belirlenmistir.

3.1 Kaynakh Kiris Tasarim Problemi

Bu problemin amac1 Sekil 3’te goriilen kaynakli kirisin liretim maliyetini en aza indir-
gemektir. Problemde, kaynak kalinlig1 (h), kaynak boyu (1), kiris genisligi (t) ve kiris
kalinlig1 (b) olmak {izere 4 adet degisken mevcuttur. Ayrica tiim kiris uzunlugu (1+L)
ile ifade edilebilir.

Sekil 3. Kaynakli Kiris Tasarimi

Problemin matematiksel tanimi agagidaki gibidir [10] :
Minimize

F(x) = 1.10471x%x, + 0.04811x3x,(14.0 + x,) (®)
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Kisitlayicilar
g1(x) =1(X) = Trpax < 0 )
92(x) = 0(x) — Opax < 0 (10)
93(x) = 6(x) — pax < (11)
ga(x) =x; —x, <0 (12)
9s(x) =P-P(x)<0 (13)
ge(x) = 0125 —x, <0 (14)
g5(x) = 1.10471x2 + 0.04811x3%,(14.0 + x,) — 5.0 < 0 (15)
Degisken araliklart:
0.1<xi<2 (16)
0.1<x,<10 (17)
0.1<x;,<10 (18)
0.1<x,<2 (19)
burada:
X2 (20)

7(x) = ()2 + 2t't 2R 4 (77)?

. P MR o x2 21
r= =Y M=P(L+2)
R = x2 + (x1+x3) (22)

_ 2 \/E x% X1+X3 2 23

6PL 6PL

o) = 2%, 600 = 2 (24)

L2 2L 4G

P.(x) = _F<1 _x 5) (25)
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&y
P =60001b,L =14 in., 8,4 = 0.25in. (206)
E =30 *10° psi,G = 12 * 10° psi 27)
Tmax = 13600 psi, 0,4 = 30000 psi (28)
Tablo 1. Kaynakli Kirig Tasarimi Simiilasyon Sonuglari
GSA PSO BBO GA DE SSA | SCA | GwWO

1 2.429 2490 | 1.1E+14 | 2.1E+21 1.1E+14 | 2.406 | 2.059 1.708

2 2.823 2483 | 1.1E+14 | 2.35E+17 | 1.1E+14 | 1.995 | 2.289 1.708

3 4.130 2.648 | 1.1E+14 | 7.31E+20 | 1.1E+14 | 1.767 | 1.869 1.706

4 2.408 2552 | 1.1E+14 | 4.44E+18 | 1.1E+14 | 3.779 | 2.207 1.705

5 4177 2483 | 1.1E+14 | 6.2E+18 | 1.1E+14 | 1.739 | 1.914 1.714

6 2.119 2483 | 1.1E+14 | 6.86E+20 | 1.1E+14 | 1.822 | 1.944 1.706

7 2.348 2561 | 1.1E+14 | 3.21E+18 | 1.1E+14 | 2.044 | 2.085 1.729

8 3.061 2718 | 1.1E+14 | 491E+19 | 1.1E+14 | 2.044 | 2.044 1.728

9 3.006 2483 | 1.1E+14 | 3.05E+18 | 1.1E+14 | 2.049 | 2.050 1.716

10 2.284 2651 | 1.1E+14 | 2.7E+20 | 1.1E+14 | 2.004 | 1.884 1.726

11 2.235 2483 | 1.1E+14 | 1.05E+19 | 1.1E+14 | 1.738 | 1.964 1.705

12 2.174 2484 | 1.1E+14 | 1.08E+19 | 1.1E+14 | 2.029 | 2.257 1.710

13 2.620 2483 | 1.1E+14 | 1.39E+18 | 1.1E+14 | 2.488 | 1.809 1.732

14 2.316 2490 | 1.1E+14 | 1.28E+21 | 1.1E+14 | 2.447 | 2.006 1.751

15 2.221 2614 | 1.1E+14 | 6.92E+17 | 1.1E+14 | 2.026 | 2.269 1.707

16 2.067 2645 | 1.1E+14 | 8.13E+20 | 1.1E+14 | 2.367 | 1.890 1.734

17 2.640 2483 | 1.1E+14 | 466E+17 | 1.1E+14 | 1.783 | 1.987 1.701

18 3.331 2484 | 1.1E+14 | 497E+19 | 1.1E+14 | 2.252 | 1.893 1.718

19 2.248 2531 | 1.1E+14 | 2.95E+20 | 1.1E+14 | 1.796 | 2.096 1.713

20 2.656 2483 | 1.1E+14 | 1.56E+20 | 1.1E+14 | 1.806 | 1.783 1.711
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21 2.553 2568 | 1.1E+14 | 4.17E+19 | 1.1E+14 | 1.963 | 1.908 1.729
22 2.231 2483 | 1.1E+14 | 9.19E+18 | 1.1E+14 | 2.357 | 2.532 1.712
23 2.926 2484 | 1.1E+14 | 2.73E+21 | 1.1E+14 | 1.957 | 1.946 1.709
24 2.380 2483 | 1.1E+14 | 2.6E+18 | 1.1E+14 | 2.555 | 1.895 1.720
25 5.660 2487 | 1.1E+14 | 1.56E+20 | 1.1E+14 | 2.059 | 1.860 1.727
26 2.275 2484 | 1.1E+14 | 7.75E+18 | 1.1E+14 | 2.086 | 1.845 1.716
27 2.454 2483 | 1.1E+14 | 7.98E+16 | 1.1E+14 | 1.856 | 2.003 1.711
28 2.485 2588 | 1.1E+14 | 1.4E+19 | 1.1E+14 | 1.826 | 1.912 1.707
29 2.241 2483 | 1.1E+14 | 7.16E+17 | 1.1E+14 | 1.911 | 2.191 1.725
30 2.450 2483 | 1.1E+14 | 1.33E+19 | 1.1E+14 | 2522 | 1.959 1.751
eniyi 2.067 2483 | 1.1E+14 | 7.98E+16 | 1.1E+14 | 1.738 | 1.783 1.701
en kot 5.660 2718 | 1.1E+14 | 2.73E+21 | 1.1E+14 | 3.779 | 2.532 1.751
ort. 2.698 2525 | 1.1E+14 | 3.15E+20 | 1.1E+14 | 2.116 | 2.012 1.718

Problem sekiz farkli optimizasyon algoritmasi ile 30 defa simiile edilmis, karsilastir-
ma sonuglart Tablo 1°de verilmistir. Buna gére GWO’nun en iyi, en kotii ve ortalama
sonuglar agisindan en kiiglik degeri bularak diger algoritmalara kiyasla daha iyi per-
formans gosterdigi goriilmektedir. En iyi degeri bulma bakimindan GWO’yu takip
eden algoritmalar sirasiyla SSA, SCA, GSA ve PSO’dur. En biiyilik deger ve ortalama
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Sekil 4. Kaynakli Kirig Problemi Tasarim Gegmis Grafigi
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Sekil 5. Kaynakli Kiris Tasarim Algoritmalarinin Kutu Grafikleri

deger agilarindan ise GWO’dan sonra en iyi performansi sirastyla SCA, SSA, PSO ve
GSA takip etmektedir. Bu problem igin en kotii performansi1 GA gostermistir. BBO ve
DE ayni sonuglari bularak GA’dan sonra ikinci en kotii performans gosteren algorit-
malar olmustur. Sekil 4’te verilen yakinsama grafiginden ise en iyi yakinsama perfor-
mansinin en iyi degeri bulan GWO, SSA, SCA, GSA ve PSO’ya ait oldugu goriiliir.
Sekil 5’te algoritmalarin kutu grafikleri verilmistir. Buradan GWO’nun en iyi sonucu
bulmanin yani sira dar ve ince bir kutu grafige sahip olarak kendi i¢inde de tutarlt bir
algoritma oldugu sonucuna varilir. Ayni sekilden GA disindaki diger algoritmalarin da
kendi igerisinde tutarlt sonuglar verdigi goriilmektedir.

Kaynakli kirig probleminin degiskenleri i¢in algoritmalarin buldugu optimum deger-
ler Tablo 2’de sunulmustur. Buna goére en diisiikk maliyeti bulan GWO’nun h, 1, t ve
b degerleri i¢in buldugu optimum degerler sirasi ile, 0.21, 3.29, 9.04, 0.21 olmustur.

Tablo 2. Kaynakli Kirig Tasariminin Kargilastirma Sonuglari
GSA PSO BBO GA DE SSA | SCA | GWO

x,(h) | 0.14 0.21 0.80 0.89 0.79 019 | 0.18 | 0.21

%,(1) 6.14 9.04 1.96 4.43 2.00 3.61 3.89 | 329

x,(t) 8.39 9.04 2.00 1.08 2.00 8.95 8.84 | 9.04

x,(b) | 0.24 0.21 2.00 0.47 2.00 0.21 022 | 021

f(x) 2.07 2.49 1E+14 | 8E+16 | 1E+14 | 1.74 1.79 1.70
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3.2 Germe- Sikistirma Yay Tasarim Problemi

Bu problemin amaci, Sekil 6’da gosterilen germe- sikistirma yay agirligini en aza
indirmektir. Problem, tel ¢ap1 (d), ortalama bobin ¢ap1 (D) ve aktif bobin sayis1 (N)
olmak tizere ii¢ adet tasarim degigkenine sahiptir.

""" d
D
A N b
] "=
Sekil 6. Germe- Sikistirma Yay Tasarimi
Problemin matematiksel tanim1 agsagidaki gibidir [10]:
Minimize
f) = (x5 + 2)x,%, > (29)
Kisitlayicilar:
_ 4 X2x3 (30)
g:(0) =1 71785x, % =0
_ 4x%—x1x2 1 _
92(x) = 12566(xzx13-x1%) = 5108x;2 1=0 G
140.45x
=1-——"2<0
gs(x) 2 (32)
9,00 =22 -1 <0 55
Degisken araliklari:
0.05<x,<2 (34)
0.25<x,<1.3 (35)
2<x3<15 (36)

Germe- sikistirma yay tasarim problemi 8 farkli optimizasyon algoritmasi ile 30 defa
simiile edilmis, karsilagtirma sonuglar1 Tablo 3’te verilmistir. Buna gore bu problem
icin en iyi (en diisiik) degeri ¢ok yakin degerlerle bulan PSO ve GWO’yu sirastyla
SSA, GSA, SCA algoritmalari takip etmistir. Ortalama ve en kotii sonuglar bakimin-
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Tablo 3. Germe- Sikistirma Yay Tasarim Simllasyon Sonuglari
GSA PSO BBO GA DE SSA SCA GWO

1 0.01283 | 0.01770 | 409.77505 | 313.04340 | 409.77499 | 0.01274 | 0.01290 | 0.01271

2 0.01303 | 0.01268 | 409.79687 | 318.78718 | 409.77499 | 0.01272 | 0.01297 | 0.01270

3 0.01307 | 0.01285 | 409.78515 | 295.44667 | 409.77499 | 0.01278 | 0.01306 | 0.01269

4 0.01284 | 0.01770 | 409.78242 | 324.39039 | 409.80343 | 0.01282 | 0.01315 | 0.01269

5 0.01308 | 0.01340 | 409.77593 | 320.51704 | 409.77499 | 0.01283 | 0.01302 | 0.01271

6 0.01305 | 0.01770 | 409.77727 | 358.30356 | 409.77499 | 0.01272 | 0.01309 | 0.01282

7 0.01286 | 0.01565 | 409.77601 | 282.09296 | 409.77499 | 0.01302 | 0.01323 | 0.01272

8 0.01300 | 0.01770 | 409.77771 | 282.28586 | 409.77499 | 0.01277 | 0.01297 | 0.01272

9 0.01283 | 0.01275 | 409.78132 | 317.40720 | 409.77499 | 0.01281 | 0.01306 | 0.01269
10 0.01301 | 0.01331 | 409.77522 | 316.20756 | 409.77499 | 0.01298 | 0.01303 | 0.01272
11 0.01273 | 0.01297 | 409.77830 | 320.43729 | 409.80343 | 0.01276 | 0.01311 | 0.01271
12 0.01291 | 0.01315 | 409.77745 | 308.96701 | 409.77499 | 0.01281 | 0.01296 | 0.01272
13 0.01279 | 0.01270 | 409.77512 | 324.67059 | 409.77499 | 0.01304 | 0.01296 | 0.01270
14 0.01301 | 0.01624 | 409.77516 | 384.01078 | 409.77499 | 0.01290 | 0.01313 | 0.01272
15 0.01283 | 0.01370 | 409.79626 | 299.62341 | 409.77499 | 0.01276 | 0.01320 | 0.01267
16 0.01321 | 0.01266 | 409.77500 | 318.68800 | 409.77499 | 0.01269 | 0.01320 | 0.01272
17 0.01309 | 0.01281 | 409.77613 | 293.44965 | 409.77499 | 0.01288 | 0.01278 | 0.01273
18 0.01292 | 0.01321 | 409.79829 | 304.56746 | 409.80343 | 0.01273 | 0.01296 | 0.01272
19 0.01278 | 0.01707 | 409.77574 | 327.05307 | 409.77499 | 0.01293 | 0.01311 | 0.01269
20 0.01285 | 0.01280 | 409.78362 | 305.42083 | 409.80343 | 0.01272 | 0.01284 | 0.01271
21 0.01297 | 0.01310 | 409.77691 | 276.59454 | 409.77499 | 0.01279 | 0.01303 | 0.01279
22 0.01286 | 0.01283 | 409.77930 | 319.34484 | 409.77499 | 0.01284 | 0.01302 | 0.01272
23 0.01277 | 0.01346 | 409.77760 | 328.70629 | 409.77499 | 0.01275 | 0.01297 | 0.01272
24 0.01299 | 0.01267 | 409.78270 | 314.40699 | 409.77499 | 0.01301 | 0.01312 | 0.01272
25 0.01314 | 0.01770 | 409.77501 | 313.31879 | 409.77499 | 0.01283 | 0.01292 | 0.01271
26 0.01304 | 0.01268 | 409.77559 | 317.08702 | 409.80343 | 0.01301 | 0.01288 | 0.01272
27 0.01281 | 0.01433 | 409.78025 | 300.42008 | 409.77499 | 0.01302 | 0.01295 | 0.01270
28 0.01289 | 0.01712 | 409.82080 | 306.62959 | 409.80343 | 0.01272 | 0.01277 | 0.01272
29 0.01283 | 0.01308 | 409.77516 | 313.84367 | 409.77499 | 0.01285 | 0.01312 | 0.01272
30 0.01285 | 0.01271 | 409.77629 | 307.56736 | 409.77499 | 0.01289 | 0.01290 | 0.01268
eniyi | 0.01273 | 0.01266 | 409.77500 | 276.59454 | 409.77499 | 0.01269 | 0.01277 | 0.01267
en kot | 0.01321 | 0.01770 | 409.82080 | 384.01078 | 409.80343 | 0.01304 | 0.01323 | 0.01282
ortalama | 0.01293 | 0.01428 | 409.78112 | 313.77630 | 409.78068 | 0.01284 | 0.01301 | 0.01271
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dan ise sirastyla GWO, SSA, GSA, SCA, PSO en basarili performansi sergilemistir.
Bu problem i¢in tiim kriterler agisindan en kétii sonuglart bulan algoritmalar birbirle-
rine ¢ok yakin degerlerle BBO ve DE algoritmalart olmus, GA da onlar1 takip ederek
en basarisiz ligiincii algoritma olmustur. Sekil 7°de verilen yakinsama egrilerine ba-
kildiginda GA disindaki algoritmalarin yakinsama performanslarinin iyi oldugu soy-
lenebilir. Sekil 8’deki kutu grafiklerinden ise GSA ve GA disindaki algoritmalarin da
kendi iginde tutarl oldugu gozlenir.
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Tablo 4. Germe- Sikistirma Yay Tasarimi Karsilastirma Sonuglari

GSA PSO BBO GA DE SSA SCA GWO

x,(d) 0.05 0.05 2.00 1.88 2.00 0.05 0.05 0.05

X,(D) 0.32 0.36 2.00 1.18 2.00 0.33 0.32 0.37

X,(N) 14.05 10.94 2.00 14.71 2.00 13.14 13.99 10.71

f(x) | 0.01273 | 0.01266 | 409.775 | 276.594 | 409.775 | 0.01269 | 0.01277 | 0.01267

Bunlara ek olarak germe-sikistirma yay tasarim probleminin optimum agirligi veren
degiskenleri i¢in algoritmalarin buldugu optimum degerler Tablo 4’te sunulmustur.

3.3 Basinch Kap Tasarim Problemi

Bu problemin amaci, Sekil 9°da gosterilen her iki ucu kapali ve basi yarim kiire sek-
linde olan silindirik bir kabin malzemesi, bigimlendirilmesi ve kaynaklanmasindan
olusan toplam maliyetini en aza indirmektir. Kabuk kalinligi (Ts), bas kalinlig1 (Th),
i¢ yarigap (R) ve bas kismi dikkate alinmadan silindirik béliimiin uzunlugu (L) olmak
iizere dort farkli degisken vardir.

:'—':c —

Sekil 9. Basingli Kap Tasarimi

Problemin matematiksel tanim1 agagidaki gibidir [10]:
Minimize
f(x) = 0.6224x,x3x, + 1.7781x,x3% + 3.1661x%x, + 19.84x% x4 (37)

Kisitlayicilar

(x) =0.0193x; —x; <0 (38)
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g,(x) = 0.00954x5 — x, < 0 (39)
4

95(x) = 1296000 — mx32x, — 7725° < 0 (40)

ga(x) =x,—240<0 41)

Degisken araliklari:

0<x <99 (42)

0<x,<99 (43)

10 < x3 < 200 (44)

10 < x, <200 (45)

Tablo 5. Basingli Kap Tasarim Simiilasyon Sonuglari

GSA PSO BBO GA DE SSA SCA GWO

1 | 53497.384 | 9441.233 | 204360.515 | 1.64E+17 | 204323556 | 6.04E+03 | 6.16E+03 | 7.06E+03
2 | 7610210 | 9441.233 | 205250.09 | 1.64E+17 | 204323.705 | 5.80E+03 | 1.98E+04 | 5.74E+03
3 | 33622301 | 9441.233 | 204329563 | 1.58E+17 | 204324.896 | 7.12E+03 | 1.98E+04 | 5.74E+03
4 | 7283770 | 9441.233 | 204433652 | 1.58E+17 | 204322.985 | 6.16E+03 | 1.97E+04 | 5.74E+03
5 | 7137.312 | 9441.233 | 205919.341 | 1.59E+17 | 204325.743 | 6.31E+03 | 7.58E+04 | 5.74E+03
6 | 7752253 | 9441.233 | 204731.114 | 1.65E+17 | 204322.746 | 5.91E+03 | 1.96E+04 | 5.74E+03
7 | 26586.222 | 9441.233 | 209563.405 | 1.64E+17 | 204323659 | 6.27E+03 | 1.95E+04 | 5.74E+03
8 | 120698.340 | 9441.233 | 207658.741 | 1.64E+17 | 204323638 | 9.01E+03 | 2.04E+04 | 5.74E+03
9 | 7138.314 | 9441.233 | 208571.117 | 1.64E+17 | 204323.460 | 5.99E+03 | 7.56E+04 | 5.74E+03
10 | 6357.448 | 9441233 | 204327.241 | 1.61E+17 | 204324.364 | 6.17E+03 | 7.54E+04 | 5.74E+03
11 | 6678.758 | 9441.233 | 211009.149 | 1.56E+17 | 204327.000 | 5.91E+03 | 7.54E+04 | 5.74E+03
12 | 6179.866 | 9441.233 | 205675.177 | 1.63E+17 | 204323534 | 5.83E+03 | 2.00E+04 | 6.35E+03
13 | 7167.224 | 9441233 | 204325.691 | 1.62E+17 | 204323.016 | 5.79E+03 | 7.54E+04 | 5.87E+03
14 | 138240.834 | 9441233 | 205212.769 | 1.62E+17 | 204324.339 | 5.90E+03 | 1.97E+04 | 5.74E+03
15 | 76245247 | 9441233 | 2048165 | 1.64E+17 | 204323.943 | 5.78E+03 | 1.99E+04 | 5.74E+03
16 | 6882.867 | 9441.233 | 206492.487 | 1.61E+17 | 204322.406 | 5.77E+03 | 2.02E+04 | 5.74E+03
17 | 26372768 | 9441.233 | 207919.819 | 1.36E+17 | 204323235 | 5.82E+03 | 7.54E+04 | 5.74E+03
18 | 11770.012 | 9441.233 | 204916.579 | 1.61E+17 | 204325312 | 5.78E+03 | 7.54E+04 | 5.74E+03
19 | 7189.355 | 9441.233 | 204343445 | 1.65E+17 | 204326432 | 7.39E+03 | 6.24E+03 | 5.74E+03
20 | 6288499 | 9441.233 | 204451.691 | 1.65E+17 | 204322.672 | 5.80E+03 | 7.54E+04 | 5.74E+03

Engineer and Machinery, vol. 62, no. 705, p. 784-805, October-December 2021 (799



b N

Duyiiksel Ciftgioglu, A.

y 4
21 7887.630 | 9441.233 | 204501.524 | 1.63E+17 | 204323.112 | 6.14E+03 | 7.54E+04 | 5.74E+03
22 | 151221.506 | 9441.233 | 204813.97 1.43E+17 | 204323.487 | 6.28E+03 | 1.99E+04 | 5.74E+03
23 6737.775 | 9441.233 | 218042.281 | 1.58E+17 | 204323.900 | 6.12E+03 | 7.54E+04 | 5.74E+03
24 6144.007 | 9441.233 | 204497.364 | 1.64E+17 | 204324.694 | 5.79E+03 | 1.98E+04 | 5.74E+03
25 6911.481 | 9441.233 | 204691.877 | 1.63E+17 | 204323.603 | 5.90E+03 | 7.54E+04 | 5.74E+03
26 7004.493 | 9441.233 | 204600.764 | 1.62E+17 | 204322.306 | 5.74E+03 | 1.98E+04 | 5.74E+03
27 8325.455 | 9441.233 | 205362.301 | 1.63E+17 | 204322.953 | 5.75E+03 | 7.54E+04 | 6.91E+03
28 8035.951 | 9441.233 | 206018.379 | 1.65E+17 | 204322.204 | 6.18E+03 | 1.96E+04 | 1.94E+04
29 7470.613 | 9441.233 | 204970.919 | 1.62E+17 | 204324.326 | 5.86E+03 | 6.88E+03 | 5.74E+03
30 7833913 | 9441.233 | 204328.454 | 1.66E+17 | 204329.400 | 5.78E+03 | 1.98E+04 | 6.91E+03
eniyi | 6144.007 | 9441.233 | 204325.69 | 1.356E+17 | 204322.2 5737.874 | 6157.699 | 5735.545
kteitﬁ 151221.506 | 9441.233 | 218042.28 | 1.657E+17 | 204329.4 9008.867 | 75755.978 | 19440.810
ort. | 26275727 | 9441.233 | 206004.53 | 1.609E+17 | 204324.02 | 6136.329 | 40740.592 | 6341.371

Problem 8 farkli optimizasyon algoritmasi ile simiile edilmis, karsilagtirma sonuglari
Tablo 5’te verilmistir. Buna gore en iyi (en diisiik) sonucu bulan algoritmalar sirast ile
GWO, SSA, GSA, SCA ve PSO olmustur. En koétii (en yiiksek) sonug agisindan ba-
kildiginda SSA en iyi performansi gostermis, PSO, GWO ve SCA onu takip etmistir.
Ortalama sonug agisindan ise SSA, GWO ve PSO sirasiyla en diisiik degeri bularak en
basarili algoritmalar olmustur. Bu problem i¢in en iyi, en kotii ve ortalama degerlerin
her ti¢ii agisindan da en kotii performansa sahip algoritma GA olurken BBO ve DE
kotii performans agisindan GA’y1 takip eden diger basarisiz algoritmalar olmustur.
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Sekil 11. Basingli Kap Tasarim Algoritmalarinin Kutu Grafikleri

Sekil 10’dan GA disindaki algoritmalarin yakinsama egrilerinin basarili oldugu sdyle-
nebilir. Sekil 11°deki kutu grafiklerinden ise GA disindaki algoritmalarin kendi i¢inde
tutarli oldugu sonucuna varilabilir.

Bunlara ek olarak basingli kap tasarim probleminin optimum maliyeti (2775.342) ve-
ren degiskenleri i¢in algoritmalarin buldugu optimum degerler Tablo 6’da sunulmus-
tur. Buna gore en basarili performansa sahip olan SSA algoritmasinin buldugu T, T,
R ve L degisken degerleri siras1 ile 1.09, 0.06, 65.23 ve 10 olmustur.

Tablo 6. Basingli Kap Tasarimi Karsilastirma Sonuglari

GSA PSO BBO GA DE SSA SCA GWO

x(T) 0.93 1.03 10.00 74.02 10.00 0.74 0.79 0.74

%(T,) 0.45 1.03 10.00 89.88 10.00 0.37 0.43 0.37

X,(R) 49.66 56.13 53.53 28.71 53.66 40.40 41.22 40.32
x,(L) 101.10 56.13 72.56 12.53 71.69 198.93 193.40 | 200.00
f(x) 6144.01 | 9441.23 | 204325.69 | 1.356E+17 | 204322.20 | 5737.87 | 6157.70 | 5735.54

4. SONUCLAR VE TARTISMA

Bu ¢alismada ti¢ kisith gercek mithendislik probleminin (kaynakl kiris, germe/sikis-
tirma yay ve basingli kap) optimal tasarimlar1 hedeflenmistir. Bu amagla GSA, PSO,
BBO, GA, DE, SSA, SCA ve GWO olmak iizere sekiz farkli optimizasyon algoritmasi
ele alinan miihendislik problemlerine uyarlanmistir. Kaynakli kirig tasarim problemin-
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de en diisiik maliyeti (1.70) veren h, 1, t ve b degerleri i¢in bulunan optimum degerler
strasi ile, 0.21, 3.29, 9.04, 0.21 olmustur. Germe-sikistirma yay tasarim probleminin
optimum agirligi (0.01269) veren d, D, N degisken degerleri sirasi ile 0.05, 0.33 ve
13.14 olmustur. Basingli kap tasarim probleminde optimum maliyeti (5735.54) veren
optimum Ts, Th, R ve L degisken degerleri ise sirasi ile 0.74, 0.37, 40.32 ve 200 ol-
mustur. GWO kaynakli kiris ve basinglt kap tasarimi problemlerinde de en iyi sonucu
veren algoritma olurken germe- sikistirma yay tasarim probleminde en iyi degeri bu-
lan PSO algoritmasina ¢ok yakin deger bularak ikinci en iyi sonucu bulan algoritma
olmugstur. Bununla birlikte ayni problemde ortalama ve en kétii (en yiiksek) sonuglar
acisindan en basarili sonucu bulmustur. GA, BBO ve DE algoritmalari her {i¢ problem-
de de en iyi, en kotii ve ortalama degerlerin hepsinde en yiiksek sonuglari bularak en
basarisiz algoritmalar olmustur. Problemlerin bulunan optimum sonuglar1 Tablo 7°de
literatiir sonuclar1 ile kiyaslanmistir. Buna gore her iic miihendislik probleminde de
diger caligmalara kiyasla daha iyi sonug elde edildigi goriilmektedir. Cesitli kisitla-
yicilara sahip ti¢ ger¢cek miihendislik probleminin optimum tasarimindan elde edilen
sonuglara bagli olarak algoritmalar basarilarina gore gruplandirilacak olursa, evrimsel
tabanli algoritmalarin (GA, BBO, DE) en kétii sonuglart verdigi, siirii tabanlt (GWO,
PSO), matematik tabanli (SSA, SCA) ve fizik tabanli algoritmalarin ise (GSA) ise en
basarili sonuglar1 bularak en iyi performans sergileyen algoritmalar oldugu savunulabi-
lir. Bununla birlikte problem ¢esidine gore bu gruplamanin degisebilecegi de goz ardi
edilmemelidir. Gelecek galismalar i¢in optimizasyon algoritmalarmin performansinin
algoritma parametrelerine bagli olusu géz oniinde bulundurularak problem sayist ve
algoritma sayisi arttirilabilir ve elde edilen sonuglar karsilastirilabilir.

Tablo 7. Tasarim Problemleri Optimum Sonug Kiyaslanmasi

Optimum Sonug
GWO 1.701

Lee ve Geem [37]however, reveal a limited approach
to complicated real-world optimization problems. If
there is more than one local optimum in the problem,
Kaynakli Kirig Tasarimi | the result may depend on the selection of an initial 2.3807
point, and the obtained optimal solution may not nec-
essarily be the global optimum. This paper describes
a new harmony search (HS

Deb [38] 2.38
PSO 0.01266
Germe'Ti's";i‘r'T:ma VEY He ve Wang [39] 001268
Mahdavi [40] 0.01267
GWO 5735.545
Basincli Kap Tasarimi He ve Wang [39] 6061.0777
Montes ve Coello [41] 6059.7456
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