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Abstract: Multi-objective optimization is defined as the process of producing suitable solutions to problems with multiple
objectives. The randomly generated string of numbers is of great importance in achieving solutions close to the global optimum
in intuitive multi- objective optimization. Collecting the randomly generated string of numbers in a certain area increases the
risk of moving away from the global optimum. Chaotic maps are used to reduce this risk it is not periodic as the variety of
numbers produced in chaotic maps is high. For this reason, chaotic maps are used in the random number generation part of
optimization algorithms. Chaos-based algorithms have become an important field of study because they are flexible and can
escape from local minimums. In this study, the effects of chaotic maps on the new and successful Multi-objective Gold Sine
Algorithm (MOGoldSA) were compared with the Multi-Objective Ant Lion Optimization (MOALO) algorithm.
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Kaotik Haritali Cok Amach Optimizasyon Algoritmalarinin Performansi

Oz: Cok amagli optimizasyon birden fazla amaci olan problemlere uygun ¢dziimler {iretme iglemidir. Sezgisel ok amaglh
optimizasyonda global optimuma yakin ¢ozlimler elde etmede rastgele iiretilen sayr dizesi biiylik dneme sahiptir. Rasgele
iiretilen say1 dizesinin belli bir alanda toplanmasi, global optimumdan uzaklasma riskini arttirmaktadir. Bu riski azaltmak i¢in
kaotik haritalar kullanilmistir. Kaotik haritalarda {iretilen sayilarm cesitliligi yiiksek oldugu icin periyodik degildir. Kaotik
haritalarda tiretilen sayilarin ¢esitliligi yiiksek oldugu i¢in periyodik degildir. Bu nedenle optimizasyon algoritmalarinin rasgele
say1 {liretim kisminda kaotik haritalar kullanilmistir. Kaos temelli algoritmalar esnek ve lokal minimumdan kacabilme
ozelliklerine sahip olduklari i¢in dnemli bir caligma alan1 haline gelmistir. Bu ¢alismada kaotik haritalarmn yeni ve basarili Cok
Amagli Altin Sinlis Algoritmasi (MOGoldSA) {iizerinde etkileri, literatirde yer edinmis Cok Amachh Karinca Aslam
Optimizasyonu (MOALO) algoritmast ile karsilagtirilarak incelenmistir.

Anahtar kelimeler: Kaotik Harita, Cok Amacli Optimizasyon, Kaos Temelli Algoritmalar, Metasezgisel Yontemler
1. Introduction

Metaheuristic optimization algorithms are a very popular field that is easy to transform, has high solution
capacity, and has wide usage. Metaheuristic optimization algorithms have been developed inspired by nature. They
solve problems based on all physical or biological events that exist in nature [1]. Metaheuristic optimization is the
process of generating suitable solutions for optimization problems by starting from a randomly generated number
string. Heuristic optimization, starting from a random string of numbers during the optimal solution to the problem
or achieve convergence iterations are targeted. Therefore, the most important criteria is to determine the random
string of numbers to reach the optimum solution. Generating the same values in random number strings affects the
performance of the algorithm. The main goal of heuristic optimization is to reach a global optimum. Accordingly,
chaotic maps are used in random number generation to increase the performance of heuristic optimization
algorithms [2].

Chaos theory is the study of chaotic dynamic systems sensitive to initial conditions. In the chaos theory, the
theorem that the smallest changes that may occur in the initial conditions will have a large effect on the results.
The "butterfly effect" is the most popular example of chaos theory. In this direction, it has been predicted that
heuristic optimization algorithms can be used to generate random number generation with chaotic maps and to
produce appropriate solutions to problems [3].
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2. Chaotic Multi-Objective Gold Sine Algorithm

MOGoldSA is the applicable version of Gold-SA, a single-objective optimization algorithm, for multi-
objective problems. Gold-SA is a math-based metaheuristic single-objective optimization algorithm developed
from the sine function. Sinus function is a periodic function that repeats values at regular intervals. The duration
of the sine function is 27 and all unit circles with sine values can be scanned as shown in Figure 1 [12].

I

g =

Figure 1. GoldSA scanning process [12]

Equation 1 is used for GoldSA to give the best result:
V(i,j) =V(@i,j) * |sinry | = p * sinry * |x, * D) = 2, * V{0, ) (1

Where,V (i,j) i is the value of the current solution in size. D(j) determined target value is a random number in
the range 1, [0,27] and the interval p [ 0, ]. x, ve x,are coefficients obtained by the golden division method.
These coefficients narrow the search area and allow the current value to approach the target value.

MOGoldSA was developed based on the hypothesis that Gold-SA can show the same success on multi-
objective optimization problems, based on its features such as wide scanning of the search space, producing near-
optimum results and fast operation while producing solutions to problems. All parameters of MOGoldSA except
archive size are the same as Gold-SA [13].

In the MOGoldSA, p parameter is randomly determined in the range of [0, r] for each search agent. These
randomly generated values prevent a large search of the search space. To eliminate this problem, Mirjalili and
Amir H. Gandomi [14] achieved successful results by normalizing the chaotic maps with Equation 2 and Equation
3. In this study, it is aimed to scan as much of the search space as possible in order to find better solutions to multi-
objective optimization problems by using the 7;, pattern shown in Equation 1, which is adaptively decreasing by
integrating with normalized chaotic maps.

V(t) = Max — = (Max — Min) ©)
_ K®-x@®)-0) | o _ KO-a)XV(®)

Normalize (K;(t); [a,b]'dan [0,V (£)]'ye): KT (t) = - +0 T 3)

Where, K: Chaotic map, i: Index of the chaotic map, t: Current iteration, T: Maximum number of iterations,
[Max — Min]: Represents the adaptive range. [a, b]: Shows the range of chaotic maps. V (t) is reduced by each
iteration, while at each iteration [a, b] matches [0,V (t)]. This situation refers to the adaptive normalization
process.

As a result, the value of the coefficient p is updated using Equation 4.
p() = K" (t) + ¢ —t X ((¢)/T) 4)

Adding chaotic maps to the randomly generated sequence contributes to the random behavior of both adaptive p
and chaotic maps at the same time. Chaotic maps provide to have a wide spectrum by generating different random
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sequences each time. By changing the value of p abruptly and helping to get rid of the local minimum, it provides
better convergence speed. Adaptive normalization, on the other hand, slows down the transition of the chaos-based
MOGoldSA from the exploration phase to the exploitation phase.

3. Chaotic Multi-objective Ant Lion Optimizer

ALO algorithm was developed to imitate the hunting mechanisms of ant lions. The general steps of the algorithm
are as follows [15]:

Ants cluster is started with random values and are the main search agents in ALO.

The fitness value of each ant is calculated.

The ants make random walks around the ant lions and move on the search area.

Antlion population is never evaluated.

There is an antlion assigned to each ant.

There is an elite antlion that affects the movement of ants.

If any antlion gets better than elite, it will be replaced by elite.

Steps b to g are repeatedly executed until an end criterion is met.

The position and fitness value of the elite antlion is returned as the best estimate for the global optimum.

@R e a0 o

The main task of the ants is to explore the search area. They move in random walks in the search area. Ant lions
maintain the best position achieved by the ants and are directed towards promising locations for ant search. To
solve optimization problems, ALO simulates the random roaming of ants, clinging to an ant lion pit, building a
pit, sliding towards ant lions, hunting and rebuilding the pit, and elite ant lion selection. The mathematical model
established for each of the steps specified is presented in the next paragraphs.

The formula for the random walk of ants in the ALO algorithm is given in Equation 5:
X() = [0, cumsum(Q2r(t,) — 1), cumsum(2r(t,) — 1),...,cumsum(2r(t,) —)] (5)

Where, cumsum calculates the cumulative sum, n is the maximum number of iterations, t represents the random
walk step

To keep the random walk within the search area and prevent the ants from overflowing, random walks are
normalized using Equation 6 below:

¢ _ (xf-a)x(af-c)) t
X = BT — + ¢ (6)

Where, cft. minimum variable i in iteration, dft. maximum variable i in iteration, a; i. is the random walking
minimum of the variable and b; i. is the random walking maximum of the variable

ALO simulates the ants squeezing into the ant lion's pit by random walks and this process is given in Equation
7 and Equation 8.

cf = Antlionf + c* (7
df = Antlion} + d* ®)

Where,c! the minimum of all variables in t. and d¢. Shows the vector containing the maximum of all variables in
t. iteration.c/, i. the minimum of all variables for ant, d¢, shows the maximum of all variables for the ant. Antlion]?,
shows the position of selected j. ant lions in t. iteration.

Large ant lions create larger pits to increase their survival time. To simulate this process, ALO uses the roulette
wheel operator who selects ant lions based on their suitability values. The roulette wheel helps ant lions striving
to attract more ants. Using the formulas in Equation 9 and Equation 10, the limits of random walks should be
reduced adaptively to simulate sliding ants from ant lions:

t

ct =% )

I
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dt == (10)

Where, I is ratio, ¢! is the minimum of all variables in t. iteration, d¢, Shows the vector containing the maximum
of all variables in t. iteration

The final step in ALO is to catch the ants and rebuild the pit. It is simulated as in Equation 11:
Antlionf = Ant} if f(Ant}) < (Antlion}) (11)

Where, t current number of iterations, Antlion]?, shows the position of selected j. ant lions in t. iteration, Antf i.
indicates the ant's position in t.iteration.

The last operator in ALO is the elite, where the most suitable ant lion is stored during optimization. Elite is the
only ant lion that can infect all ants. This means that random walks to ant lions are drawn towards a chosen ant
lion or elite ant lion. The formula is given in Equation 12 to consider both cases.

t t
Antf =% (12)
Where, R} is the random walk around the antlion selected using a roulette wheel and Rf is the random walk
around the elite antlion.

The ALO algorithm created with the specified mathematical methods has been developed for multi-objective
problems and the MOALO algorithm has been brought to the literature [16]. The optimum solutions found by
using archive method were stored in MOALO, which tries to produce optimal solutions by using the Pareto
method. The convergence of the MOALO algorithm is inherited from the ALO algorithm. If a solution is chosen
from the archive, the ALO algorithm can improve its quality. However, a limit must be found for the archive, and
solutions must be selected from the archive to improve distribution. In this approach, the perimeter of each solution
is analyzed by considering a predefined radius. The number of solutions in the environment counts and is
considered the measure of dispersion. Improving the distribution of solutions in the archive is carried out in two
stages.

Equation 11 and Equation 13 must be substituted for the nature of multi-objective objects to require ALO to
solve multi-objective problems.

Antlion = Antf if f(Ant}) < f(Antlion}) (13)

Where, t current number of iterations, Antlion]?, shows the position of selected j. ant lions in t. iteration, Antf i.
indicates the ant's position in t.iteration.

The rest of the operators in MOALO are the same as in ALO. MOALO produces effective solutions to many
constrained and unconstrained optimization problems in the literature. In order to increase this performance, it is
aimed to produce more effective solutions by using chaotic maps during the generation of random number strings.
Thus, Chaotic Ant Lion Optimizer (CMOALO) was developed.
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Figure 2. CMOALO [15]

4. Chaos Maps

Chaos literally means great disorder or confusion. Chaotic systems are dynamic systems that depend on initial
conditions. Chaos theory studies the behavior of unpredictable systems. In order for a system to be chaotic, it must
not be sensitive to initial conditions, topologically complex, periodic, ergodic and stochastic. Due to the dynamic
properties of chaos variables, chaos search has the ability to escape from local optima according to random search.
It has therefore been applied for optimization. Chaotic map is a map that exhibits a kind of chaotic behavior [17,
18]. In this study, 5 chaotic maps (Logical, Singer, Sinusoidal, Piecewise and Tent) were used for the comparison
of multi-objective optimization algorithms. The mathematical expressions of the maps are as follows:

Table 1. Chaotic Maps

Chaotic Maps Function
Xi
P
. . XL 0<x <P
Cl Piecewise Xip1 = 1-px; 05<x;<1-P1-P<x; <1 (14)
— P<x;<05
0.5—-P
1
P
c2 Singer Xipq = u(7.86x; — 23.31x? + 28.75x% — 13.302875x}), u = 2.3 (15)
3 Sinusoidal Xi41 = ax? sin(nx),a = 2.3 (16)
%xi <0.7
C4 | Tent Xip1 = : amn
R - =07
C5 Logical Xipr = ax;(1—x),a=4 (18)

5. Experimental Results

In this study, comparisons were made over 13 different comparison functions (constrained and
unconstrained). In our studies using 11 different chaotic maps on MOGoldSA, 5 most effective chaotic maps were
used [19]. Using these chaotic maps on the MOALO, two multi-objective optimization algorithms that produce
successful results are compared. In the study, each algorithm was run 20,000 iterations and 100 optimum solutions
were obtained. The mathematical expressions of some of the functions used are shown in Table 2.
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Table 2. Mathematical model of some comparison functions used

F Variable Limit Objective Functions
x; € [4,4] 2 142
FON i=1..,n fl(X)=1—€sz<— X~ 7= )
n=10 Z ( \/§>

KUR x; € [=5,5] 1
i=1,..,n fi(x) = 24_1 (—1OEXp (—0.2\/;2+ /xl?H))
n -

£ =) (l*® +5sinx)

CNEX x; € [0,11] filx) =x,

x, € [0,5] L) =1+ x)/%
g1(x)=9x;+x,>26
g () =—x,+9x, =1

SRN x; € [—20,20] i) =2+ —2)2+ (x, —2)2
x, € [—20,20] fo(x)=9x; — (x;— 1)

g1(x) = x,% + x,%2 < 225

g (x) =x,—3x,+10<0

The criteria used to evaluate the success of the developed algorithms are called performance criteria. In our
study, the performance criteria that have been included in the literature and frequently used in the comparison of
multi-objective optimization algorithms were used. These; General Distance (GD) and Reversal General Distance
(RGD)

General Distance (GD):

GD was proposed by Veldhuizen in 1998 and the solutions obtained are calculated by measuring the distances
between the Pareto-optimal fronts. Whether a solution belongs to the optimal solution set is calculated by the
distance of the obtained solution to the pareto optimal set. This criterion called General Distance is calculated with
Equation 19. [20,21]:

/
(z1el a7)""?

GD =
lel

(19)

Where, d; parameters expression in Equation 19 is the Euclidean distance and it is calculated as shown in Equation
20.

d; = min|P|yZH_ i = )2 (20)
Where, f;X, P 'nin k. of the element m. objective function value.

Reverse General Distance (RGD):

It is an improved version of the GD criterion. Unlike the GD criterion, Pareto optimally calculates the distance
of the points on the front to the obtained solution set. The mathematical expression of the RGD criterion is included
in Equation 21

(zP! a2)"

RGD =
|P]

21)
The biggest advantage of RGD is that it can measure both convergence and diversity of solutions simultaneously.
Similar to GD, RGD is that as the number of targets increases, it becomes exponentially costly. [21].

Table 3 shows the statistical results of MOGoldSA according to GD criteria. According to these results, the
Singer map was the most successful chaotic map with a success rate of 6/13, while the Logical map was 4/13,
Piecewise map 2/13, Tent and Sinusoidal maps 1/13.
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Table 3. CMOGoldSA: Statistical results according to GD criterion

BEAM BNH2 CNEX CTP§  FONI _ KURI __ SRNI VIEL  ZDTI ZDT2 ZDT3 _ ZDT4 _ ZDT6
Best | 0,0196 5,3389 0,1011 01158 0,0088 14,8731 13,6058  0,0942 00134 00161 00174 04558 0,0098
B | Mean | 00249 85491 02333 02248 00134 150780 81060 02083 1,7700 3,0605 14542 0,8867 03403
S | worst | 0038 86710 05421 08421 00253 154752 21,9288 055057 27173 41907 29696 09127 10561
std 0,040 06067 0,0912  0,1309 0,0033 01854 49218 00990 10313 15669 10643 0,851 03768
— | Best 00177 86188 01379 01293 0009 148748 31611 00991 00127 00145 0018 07854 00081
T | Mean | 00243 86602 02782 02446 00133 150907 7,7150  0,1825 13320 3,6167 13280 09084  0,3382
2 | Worst | 00331 86705 08724 04753 00262 155087 14,2698 03196 2,8237 44080 2,7000 09127 1,007
A | std 0,039 00115 0,1753 0,0927 0,0039 02083 33208 00640 12426 009187 009787 0,0232 0,3959
Best | 0,0164 85120 01278 01283 00120 14,8614 3,7117 00945 00137 00124 0,140 05226 0,0089
= | Mean | 00242 86513 02172 02302 00149 151675 7.6690 02207 15216 32706 13654 08915 04319
= | Worst | 00318 86695 03728 0,5669 00235 155589 16,7396 04826 28675 42219 24975 09127 09719
Std 0,046 00324 0,0653 0,0995 00030 02229 29734 00877 11665 14843 08870 0,0766 0,3830
L | Best [ 00169 86199 01466 0,159 00102 148678 31961 01070 00123 00127 00166 08137 0,081
£ | Mean | 00255 86613 02410 02168 00152 151163 68933 02253 11708 30995 12688 09065 02760
[}
8 | Worst | 00396 86695 05943 03378 00202 155114 132787 05596 27529 42769 2,8002 09127 09722
= | s 0,049 00106 0,060 0,0614 00051 02205 27146 00960 12342 14680 10747 0,0219 03754
Best | 0,0160 8,5558 0,1332 0,1182 00089 14,8609 3,0946  0,1003 00124 0,0105 00196 0,7978  0,0097
T | Mean | 00241 86567 02316 02185 00135 150573 68826 01826 17028 3,0435 13600 09082 0,024
_%f Worst | 0,0356  8,6698 06840 04373 0,251 154999 151967 03269 3,0148 42225 25894 09127 0,9188
Std 0,042 00223 0,105] 0,0853 0,0033 01863 33612 00595 12194 15496 009605 0,0210 0,3109

The statistical results of the CMOALO algorithm according to the GD criteria are given in Table 4.
Considering these results, the Tent map was the most successful chaotic map at the rate of 5/13, while the Logical
map was 4/13, Singer and Sinusoidal map 2/13, and Tent map 1/13.

Table 4. CMOALO: Statistical results according to GD criterion

BEAM BNH2 CNEX CTP§ FONI KURI SRN1 VIEl ZDTl ZDT2 ZDT3 7ZDT4 ZDTé6

Best 00186 86630 00418 00455 0,0078 155486 1,7511 0,666 0,0786 053093 00167  3,7666  0,0082

8 | Mean | 00256 86664 00588 00582 00100 156041 2,1612 0,1000 02097 06869 00408 12,6633 0,118
£ | Worst | 00500 86694 00863 00899 00132 156291 34782 01764 03758 07310 00852 23,8325 0,0180
Std 0,0074 0,016 00160 00115 00014 00176 04171 00295 00804 0,108 00170 58379  0,0026

= | Best 00162 86608 00420 00441 0,0085 155569 1,669 0,595 0,145 0,5204 00241  1,5464  0,0082
T | Mean | 00270 86661 00597 00549 00099 156068 2,0984 0098 02270 07083 00456 12,0797 0,0106
Z | Worst | 00548 86687 0558 00898 00125 156274 26700 0,1597 04048 07309 0,0940 343103  0,0162
7 | std 0,0092 00017 00245 00112 00011 00144 03281 00311 00792 00578 00182 84790  0,0020
Best 00154 86578 00383 00405 0,0078 151948 1,7320 00620 0,1498 06685 00617 143162 0,081

2 | Mean | 00279 86664 00709 0,0902 00092 155432 22705 0,1103 03525 0,267 0,1945 28,6343  0,0659
& | Worst | 01306 86694 02982  0,1859 0,0109 156171 3,6464 01689 04774 07337 03455 449801 02662
Std 0,0211 00022 00460 00418 00008 00773 04291 00303 00823 00156 00645 83718 00748

o | Best 00162 86608 00444 00404 00085 155569 1,7920 00675 00976 0,1794 00206 2,5639  0,0089
E | Mean | 00270 86661 00672 00627 00099 156068 2,1759 0,0940  0,1957 06797 0,474 133858 0,117
S | Worst | 00548 86687 01146 0115 00125 156274 33305 01703 03145 07310 01109 304019 00168
& | s 0,0092 00017 00201 00185 00011 00144 04162 00272 00625 0,1333 00236 67338 0,019
_ | Best 00154 86597 00374 00394 00088 155582 1,6751 00713 00996 04693 00162 14243  0,0087
8 | Mean | 00217 86666 00564 00604 00101 156036 20199 0,015 02240 0,7033 00335 10,8912 0,0114
& | Worst | 00316 86691 00891 0,100 00127 156296 26162 011530 03779 0,7309 00517 334715 0,0184
~ | su 0,0049 00020 00138 00172 00010 00156 02617 00254 00738 00751 00097 7,6318  0,0022

The statistical results of the CMOGoldSA algorithm according to the RGD criteria are shown in Table 5.
According to the results, the Sinusoidal map produced successful results in 7 of 13 functions and became the most
successful chaotic map, while the Logical map succeeded 6/13, Singer, Tent and Piecewise maps achieved a
success rate of 3/13. Also, the Sinusoidal map reached optimum results in ZDT2 and ZDT4 functions, Logical
ZDT3 and ZDT4 functions, Piecewise ZDT2, Tent and Singer in ZDT4 functions.
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Table 5. CMOGoldSA: Statistical results according to RGD criterion

BEAM BNH2 CNEX CTP8 FONI KURI SRNl VIEl ZDT1 ZDT2 ZDT3 ZDT4 ZDT6

Best 0,0010  5,7684 0,0022  0,0022 0,0009 153118 0,678 0,0036 0,009  0,0003  0,0009  0,0000  0,0002

8 | Mean 0,012 82012 0,009  0,0078 00011 157382 19500 00126 21017 3,1650 1,5488  0,0010  0,9466
£ | Worst | 00015 85275 00601 00224 00014 16,0898 36985 00458 32244 43519 31861 00078  3,9783
Std 0,0001 04677 0,0108 0,005 00001 02057  0,8097 0,090 129690 16264 13829 00018 1,1435

5 | Best 0,0011 8,936 0,021  0,0017 0,0009 152473 0,5931  0,0034  0,0007 0,0000 0,0008  0,0000 0,0002
'3 | Mean 0,013 83032 0,006  0,0078 00011 157588 1,8752 00102 14344 3,6564 14461 00001  0,9473
Z | Worst | 00015 85889 00153 00253 00013 160273 57892 00300 33335 43234 30472 00025 3.0880
% | Std 0,0001  0,1155  0,0037  0,0057 00001 02047 1,190 0,056 14656 1,0193 13846 00005 1,1456
Best 0,000 79854 0,0023  0,0023 0,000 152952 0,6781 0,0038 0,008 0,0003 0,0006  0,0000 0,0002

2 | Mean 0,012 83069 0,0075  0,0086 00011 158170 14388 00133 17480 32868 13595  0,0004 1,1408
£ | Worst | 0,0014 85607 00554 00483 00014 160341 3,1036 00486 32696 43369 30960  0,0045 2,8227
Std 0,001  0,1173  0,0094  0,0107 00001 01761 06103 00098 14429  1,5090 1,3883 0,011  1,0680

v | Best 0,010  8,0970 0,0019 0,0027 00010 152508 0,4966 0,052 00009 0,0000 0,0006 000000 0,0002
= | Mean 0,013 82607  0,0090  0,0095 00011 157468 1,6787 00115 13031 3,1907 14583 0,003 0,8479
S | Worst | 00015 84658 00348 00538 00013 16,0427 50288 00252 33105 44828 32030 00033 30393
A& | sud 0,0001  0,0882  0,0084 0,009 00001 02242 09679 00057 15127 1,6375 13919 0,009 1,1469
— | Best 0,010  8,1310 0,0025 0,0017 0,0009 152696 0,5750 0,0048  0,0007 0,0003 0,0000 0,0000 0,0001
8 | Mean 0,012 83086 00139  0,0064 00011 157545 1,6344 00172 19242 3,0808 14622 0,003  0,6460
E” Worst | 0,0014 85161  0,0904 0,289 00016 16,0259 33369 00415 33962 4,1574 33535 0,040 34738
Std 0,0001  0,0920 0,0202  0,0049 00001 02072  0,7028 0,009 1398 15776 14046 0,009 1,0787

The statistical results of the CMOALO algorithm are given in Table 6. According to the results, the Piecewise
map produced very successful results at the rate of 8/13. The Logical map is followed by 4/13 and the Tent map
with 2/13. In addition, Piecewise and Logical maps have achieved optimum results in ZDT?2 function.

Table 6. CMOALO: Statistical results according to RGD criterion

BEAM BNH2 CNEX CTP8 FONI KURI SRNI VIEl ZDTl ZDT2 ZDT3 ZDT4 ZDT6

Best | 00186 86630 00418 00455 00078 155486 1,7511 0,0666 00786 0,3093 00167 3,7666 _ 0,0082

8 | Mean | 00256 86664 00588 00582 00100 156041 21612  0,1000 02097 0,6869 00408 12,6633 00118
£ | Worst | 00500 86694 00863 00899 00132 156291 34782 01764 03758 07310 00852 23,8325 0,180
Std 0,074 0,006 00160 00115 0,014 00176 04171 00295 0,0804 0,1084 00170 58379  0,0026

= | Best | 00162  8,6608 00420 00441 00085 155569 16699 00595 0,0145 05204 00241 15464  0,0082
2 | Mean | 00270 86661 00597 00549 00099 156068 2,098 0,098 02270 07083 00456 12,0797 00106
Z | Worst | 00548 86687 01558 00898 00125 156274 26700 01597 04048 07309 00940 343103 00162
7 | std 0,092  0,0017 00245 00112 00011 00144 03281 00311 00792 00578 00182 84790  0,0020
Best | 00154 86578 00383 00405 00078 15,1948 1,320 0,0620 0,1498 0,6685 00617 14,3162 0,0081

= | Mean | 00279 86664 00709 00902 00092 155432 22705 0,1103 03525 0,7267 0,1945 28,6343  0,0659
& | Worst | 0,1306  8,6694 02982 01859  0,0109 156171 3,6464  0,1680 04774 0,7337 03455 449801  0,2662
Std 00211  0,0022 0,0460 00418  0,0008 00773 04291 00303 0,0823 00156 0,0645 83718  0,0748

v | Best | 0,0011 81834 00025 00020 00021 158882 02966 00025 00006 0,0000 00007 33302 00276
‘S | Mean | 00013 83683 00044 00048 00029 160165 04103 00043 00010 00001 00014 14,6304 0,1274
3 | Worst | 00016 85468 00067 00063 00037 16,1998 06741 00101 00022 00003 00024 334134 03635
& | sud 0,002  0,0943 0,001 00012  0,0004 00739 0,858 00018 00004 00001 00004 72690  0,0924
— [ Best | 00011 82153 00021 00021 00023 158881 03007 0,0028 000005 0,0000 00009 13971  0,0169
S | Mean | 0,0013 83646 00048  0,0045  0,0029 16,0029 04283  0,0043 0,0012 00001 0,0014 11,9345  0,0994
E” Worst | 0,0016 85110 00063 00070 00036 16,1689 0,5515  0,0062 00033 0,0005 00036 357860 0,2220
Std 0,002  0,0886  0,0010 00012  0,0004 0,0704 0,803 00010 00009 0,002 00006 80832  0,0530

The success of CMOGoldSA and CMOALO algorithms, which are two successful multi-objective
optimization algorithms in the literature, with chaotic maps were compared. According to the statistical results in
Table 3 and Table 4, CMOALO 7/13 and CMOGoldSA were successful in Singer and Logical maps, while
CMOGoldSA was 8/13 in Tent map, 7/13 CMOGoldSA in Sinusoidal map, and 9/13 in Piecewise map. It has been
observed that the CMOALO optimization algorithm produces successful results. According to the GD criterion, it
was observed that CMOGoldSA produced more successful results in Tent and Sinusoidal maps.

If two multi-objective optimization algorithms are compared according to the statistics given in Table 5 and
Table 6; According to Sinusoidal and Piecewise maps, the CMOGoldSA algorithm produced a successful result

152



Eyup EROZ, Erkan TANYILDIZI

at the rate of 9/13, 8/13 in the Singer and Logical map, and 7/13 in the Tent map. In general, the CMOGoldSA
optimization algorithm produced more successful results in all chaotic maps according to RGD criteria.

6. Conclusion

Chaotic maps are used to improve the performance of the multi-objective gold sine algorithm (MOGoldSA).
Chaotic maps help MOGoldSA reach the large search area and gradually move into the exploitation phase. Based
on these performance data, it was seen that better results were obtained in generating suitable solutions to the
problem as a result of the small interventions made on random number strings used in the beginning in multi-
objective optimization. The chaotic maps used in the study have generally produced successful results in producing
solutions suitable for the constrained and unconstrained engineering problems and produced more successful
results than the CMOALO algorithm, which has an important place in the literature.
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