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Abstract: Optimization, defined as the process of selecting the best one among all of the possible solutions
to a problem within certain constraints, is used for the solution of engineering and numerical functions. The
metaheuristics algorithm used for the solution of a wide variety of problems has been developed by
influencing the behavior of living things in nature. The Artificial Algae Algorithm (AAA), proposed by Uymaz
and one of the biologically inspired optimizations, was used in this study. The AAA is one of the various
methods of numerical optimization. In this study, a fine tuning of the control parameters for the AAA was
implemented over its different kernel parameters. For this process, the AAA was tested on eight different
benchmark functions with different characteristics by making finer adjustments over the parameters. The
effect of the parameters was analyzed in terms of both solution quality and convergence speed.

Key words: Artificial algae algorithm, benchmark functions, parameter tunings.

1. Introduction

In the quest for a key for the solution to problems which are difficult or impossible in real life, it has been
noticed that the result of problems solved by modern heuristic methods in a computer environment is close
to the true values [1], [2]. Researchers have improved various algorithms to solve these problems[3]. These
are the examples of algorithm: the Genetic Algorithm (GA)[4] and the Differential Evolution Algorithm
(DE)[5], the Artificial Algae Algorithm (AAA)[6] based biology, the Gravitational Search Algorithm (GSA)[7]
based physics, the Particle Swarm Optimization (PSO)[8], the Ant Colony Optimization (ACO)[9], the Bat
Algorithm (BA) [10] based flock, the Tabu Search Algorithm (TS)[11] based social, the Harmony Search
Algorithm (HS)[12] based music and the Artificial Chemical Reaction Optimization Algorithm (ACROA)[13]
based chemistry.

As one can observe, living things in nature inspire science from the past to the present day. Many of these
creatures have a major role in the emergence of new developments. Scientists developed many algorithms
by imitating the behaviors of these creatures [2], [14]. In this article, the performance of the algorithm
increases by changing the setting of the parameter using the Artificial Algae Algorithm.

In many studies, it is seen that better results were obtained with the editing of the parameters[15]. For
instance, Akay [16] said that performance of algorithm is increased by making subtle adjustments in the
parameter values of the Artificial Bee Colony. With the Evolutionary Algorithm, Smit [17] has done an
experimental comparison with current settings by making adjustments of the test parameters and, in 2009,
has achieved a successful outcome. In this study, it has been realized that the performance of the AAA
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increases by making adjustments on the AAA parameters, namely: the effect of the population, shear force,
energy loss and adaptation. The AAA that has original parameter values and an AAA that makes another
arrangement of the parameters have been tested on eight benchmark functions, all of which have different
characteristics.

2. Orijinal Artifical Algae Algorithm (AAA)

Inspired by characteristic features and life of AAA microalgae, Uymaz [18]developed a new biologically
based metaheuristic method in 2015.

Algaes have various habitats like sea, fresh water, terrestrial ecosystems and icecaps. Along with these,
light intensity, temperature and fluid composition changes which impact the growth of algae determine the
dominant type of algae. Algaes have various types, such as blue and green algae. Algaes that are
photosynthetic eukaryotic organisms include separate nuclear membranes and chlorophyll. There are two
types: single and dual-cell. Single-celled algae are called microalgae, and double-celled algae are called
macroalgae. Microalgaes are called phytoplankton, while macroalgaes are called marine algae, which can be
in the appearance of macro-plant and have meters of length. The Artificial Algae Algorithm was developed
by observing microalgaes [6].

In this algorithm, each solution in the problem space corresponds to an artificial algae colony. Artificial
algae needs a light source to photosynthesize and progresses to the light source. At the same time, it moves
in a helical swimming manner. AAA consists of three sections: evolutionary process, adaptation and helical
movement. It is an algorithm that was improved by considering these features of algae[19], [20].

Denote the algae population, which comprises of a number of algal colonies, as equation 1 and 2:

1 D
X1 X1

Algae colony population = [ : : ] (1)
1 D

x; =[x}, x2,..xP] i=1,2,..,N (2)

Here xi’, i. is algae cell of j. dimension algae colony. The number of algae cells in the colony is equal to
problem size. Every x; expresses suitable solution in solution space. It is believed that every algae cells in
the algae colony moves suitable place in solution space processional. When algae colony reaches an ideal

solution, an optimum result is obtained.

xitr-rtl = xitm + (x]'tm - xitm)(A - Tt(xi))p (3)
xflil = xitk + (xjtk - xitk)(A - Tt(xl-))cosa (4)
xi = xf + (xh — xh) (A — T (x;))sinp (5)

Three dimensions for the helical movement of the algae colony are determined randomly. The first of
these dimensions provides linear movement and is used for a one-dimensional problem. The formula for
calculating this is shown in equation 3. The other two dimensions provide angular motion, so the movement
of the algae colony is sinusoidal. The formula for calculating this is shown in equations 4 and 5. If the
dimension of the problem is 3 or above 3, it is helical. The calculation formulas of these are equations 3, 4
and 5. Fig. 1 also provides the flowchart of the AAA [6].
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The initial population value of the AAA is designated as 40. The number of the iteration is based on the
termination criterion of the algorithm. 2000 was chosen as the number of the iteration. The size of the
problem was chosen as 30. The algorithm has been applied 30 times to measure the stability of the study
[21]. The algorithm has been applied according to all these parameters. The obtained mean and standard
deviation values are presented in the tables.

Determine Parameters
Shaer Force, Energy Loss and Adaptation
Parameters.

S
Y

[ Start

A 4

Initialization of AAA
Initialize Algal Colonies, Evaluate Fitness and
Size of Algal Colonies.

h 4
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Until its energy finished For each algal
colony:
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colony, movement of algal colonies calculate
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Stopping
Criteria? ¥
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Select the smallest and the biggest colonies,
replicate a single cell of the biggest one.

'

Adaptation Phase
Find the most hungry collony and make the
adaptation of the selected algae colonies.

F Y

Keep The Best Colony

Fig. 1. Flowchart of AAA [6].

3. Experimental Studies

In this section, the results of the artificial algae algorithm (AAA) will be shown. These make finer
adjustments over the parameters for the mathematical problems in the literature. The AAA which has
changed the parameters and the AAA with the default parameter values are both used to minimize the
result of eight benchmark functions with different characteristics. These are given in Table 1. The results
achieved by this algorithm are presented comparatively in Tables 2, 3, 4 and 5. The parameter values of the
results are located in the upper part of Tables 2, 3, 4 and 5.

As mentioned earlier, the four control parameters are used in the AAA. These are, respectively:
population, shear force, energy loss and adaptation. In this study, the tuning of the parameters was
investigated for the AAA. Experimental studies were performed in order to compare the obtained results
with each other by using the different parameter values. In all of these experiments, the iteration number
was taken as 2000 in order to make a clear and consistent comparison with each other. The parameter
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values are chosen randomly and are changeable in the original algorithm. The parameter values, however,
were fixed in this study: 0.1, 0.2, 0.3, 0.4 and 0.5 values for adaptation; 0.1, 0.2, 0.3, 0.4 and 0.5 values for
energy loss; 10, 20, 30, 40 and 50 values for population and 1, 2, 3, 4 and 5 values for shear force are used
instead of the original parameter values of the AAA. The best values of the AAA in these parameters were
investigated. Each function has been run 30 times. The best value was shown on Tables 2, 3, 4 and 5 with
the best value, the mean value, and the result of standard deviation (robustness) obtained from 30 runs, as
well as the parameter values of the AAA. In the comparison tables (Tables 2-9), the minimum mean, best
and standard deviation values are given in bold font.

Table 1. Benchmark Functions (C: Characteristic, U: Unimodal, M: Multimodal) [2], [21], [22]

Range C  Function Formulation Fitness
n
F1 [-5.12,512] U Sphere fi= Z x? 0
:1
F2 [10,10] U Schwefel2.22 f, = Z x| + n x| 0
n
F3 [-10,10] U Rosenbrock  f3 = ) [100(x;41 — x2)2 + (x; — 1)?] 0
F4 [-1.28,1.28] U Noise 0
n
F5 [-500,500] M Schwefel 418.98288727243369 xn — Z x;sin(y/|x;]) 0
F6 [-5.12,5.12] M Rastrigin 0
n
F7 [-32,32] M  Ackley { z cos(27rxl)} +20+e O
i=1
F8 [-600,600] M Griewank 0

Table 2. The Comparison Results of the Different Adaptation Parameters on the Benchmark Functions

0,1 0,2 0,3 0,4 0,5
Best 8,36E-22  4,04E-22  4,59E-22 1,03E-22 1,71E-22
F1 Mean 7,14E-21  399E-21 2,11E-21 1,55E-21 1,37E-21
Std 6,09E-21  293E-21 1,69E-21 1,79E-21 1,39E-21
Best 1,65E-12 1,14E-12 792E-13 6,19E-13  5,29E-13
F2 Mean 3,47E-12  2,35E-12 1,89E-12 1,88E-12 1,36E-12
Std 1,60E-12 8,51E-13 8,82E-13 9,87E-13  6,39E-13
Best 1,18E-01 3,55E-01 1,45E-01 9,70E-02 6,76E-02
F3 Mean 1,87E+01 1,34E+01 1,65E+01 1,57E+01 8,76E+00
Std 2,05E+01 190E+01 1,89E+01 1,91E+01 1,30E+01
Best 1,50E-02 1,56E-02 1,80E-02 1,72E-02 1,54E-02
F4 Mean 3,04E-02 3,33E-02 3,19E-02 3,35E-02  3,27E-02
Std 7,84E-03 9,42E-03 9,39E-03 7,31E-03 7,90E-03
Best 7,64E-11  7,28E-12 7,28E-12 1,09E-11 0,00E+00
F5 Mean 1,57E-07 7,12E-09 7,90E+00 7,90E+00 3,95E+00
Std 3,59E-07 1,84E-08 3,01E+01 4,33E+01 2,16E+01
Best 3,30E-09 2,52E-10 1,66E-10 2,55E-11  3,55E-12
F6 Mean 9,53E-07 3,32E-02 6,65E-02 3,32E-02  9,95E-02
Std 2,00E-06 1,82E-01 2,52E-01 1,82E-01  3,04E-01
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Best 2,54E-09 1,13E-09 5,05E-10 2,61E-10 2,24E-10

F7 Mean 8,80E-09 3,14E-09 1,86E-09 1,26E-09 7,19E-10
Std 7,14E-09 1,39E-09 1,05E-09 8,85E-10 3,56E-10
Best 0,00E+00 1,11E-16 0,00E+00 0,00E+00 0,00E+00
F8 Mean 241E-13 1,26E-13  8,20E-10 8,61E-14  2,27E-13
Std 1,07E-12 3,03E-13  4,49E-09 3,63E-13 1,11E-12

Table 3. The Comparison Results of the Different Energy Loss on the Benchmark Functions

0.1 0.2 0.3 0.4 0.5
Best 2,67E-24 7,19E-24 4,70E-23  1,05E-21  1,64E-20
F1 Mean 1,63E-23  7,05E-23  8,53E-22 9,60E-21  1,25E-19
Std 1,12E-23 7,73E-23  8,77E-22  7,85E-21  8,34E-20
Best 7,56E-14 1,16E-13  3,69E-13  2,09E-12 8,98E-12
F2 Mean 1,84E-13  3,70E-13 1,78E-12 6,81E-12  3,71E-11
Std 6,92E-14 2,33E-13 1,03E-12 3,58E-12  2,61E-11
Best 3,48E-01 3,70E-01 1,11E-02 1,86E-01  3,89E-02
F3 Mean 1,17E+01 1,57E+01 1,67E+01 1,48E+01 1,45E+01
Std 1,65E+01 195E+01 195E+01 1,60E+01 196E+01
Best 1,53E-02 1,61E-02 7,62E-03  2,43E-02 2,09E-02
F4 Mean 2,57E-02 2,86E-02 2,70E-02 3,71E-02 4,12E-02
Std 5,47E-03 8,21E-03 8,18E-03  7,35E-03 1,13E-02
Best 1,82E-12 1,82E-12 1,82E-12 9,10E-12  5,40E-10
F5 Mean 2,43E-13 7,90E+00 7,90E+00 2,18E+01 5,55E+01
Std 3,87E-12 3,01E+01 3,01E+01 4,53E+01 8,63E+01
Best 3,91E-13 538E-13 9,70E-13 1,29E-11  3,40E-10
F6 Mean 3,32E-02 5,72E-10  1,33E-01 4,75E-01 2,36E-01
Std 1,82E-01 1,50E-09 3,44E-01 6,73E-01 5,00E-01
Best 7,83E-11  9,19E-11  2,36E-10  8,59E-10  2,19E-09
F7 Mean 2,03E-10 2,81E-10 7,19E-10 3,12E-09 9,57E-09
Std 1,17E-10 1,16E-10 397E-10 1,67E-09 6,59E-09
Best 0,00E+00 O0,00E+00 1,11E-16 2,22E-16  3,55E-15
F8 Mean 9,22E-16  3,56E-15 1,82E-14 6,16E-13  2,16E-12
Std 2,83E-15 837E-15 3,33E-14 1,59E-12 5,81E-12

Table 4. The Comparison Results of the Different Population on the Benchmark Functions

10 20 30 40 50
Best 6,13E-23 9,77E-24 6,43E-23  6,02E-23  1,59E-22
F1 Mean 2,26E-20 1,38E-22 543E-22 8,53E-22 1,95E-21
Std 8,86E-20 2,68E-22 5,52E-22 8,15E-22 1,88E-21
Best 2,15E-13 8,95E-14 3,50E-13  3,73E-13  9,51E-13
F2 Mean 570E-08 4,41E-13 9,94E-13 1,68E-12  2,02E-12
Std 3,12E-07 4,19E-13 6,04E-13 1,07E-12 9,57E-13
Best 1,14E+00 3,17E-02 1,19E-02 9,28E-02 1,22E-01
F3 Mean 588E+01 298E+01 1,15E+01 1,43E+01 9,92E+00
Std 391E+01 3,11E+01 195E+01 1,77E+01 1,03E+01
Best 7,12E-02  2,28E-02  2,23E-02 1,28E-02 1,71E-02
F4 Mean 1,47E-01 5,12E-02 3,66E-02 3,05E-02 3,11E-02
Std 7,36E-02  1,52E-02 9,05E-03  8,64E-03 8,50E-03
Best 3,55E+02 1,82E-12 0,00E+00 0,00E+00 0,00E+00
F5 Mean 1,15E+03 2,65E+02 4,34E+01 2,37E+01 7,90E+00
Std 4,20E+02 1,91E+02 7,92E+01 6,52E+01 4,32E+01
Best 3,98E+00 9,95E-01 7,05E-12 7,23E-12 4,72E-12
F6 Mean 1,99E+01 4,01E+00 8,29E-01 6,63E-02 6,63E-02
Std 8,16E+00 2,07E+00 9,81E-01 2,52E-01 2,52E-01
7 Best 3,55E-10 3,13E-11 1,07E-10 2,88E-10  3,24E-10
Mean 1,37E+00 1,59E-10 4,42E-10 6,41E-10 1,43E-09
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Std 1,23E+00 1,38E-10 2,80E-10 2,66E-10 8,66E-10

Best 0,00E+00 0,00E+00 0,00E+00 0,00E+00 0,00E+00
F8 Mean 1,13E-02  1,23E-10  2,24E-13 3,70E-14 5,69E-14
Std 1,58E-02 597E-10 592E-13 1,21E-13  1,46E-13

Table 5. The Comparison Results of the Different Shear Force on the Benchmark Functions

1 2 3 4 5
Best 2,42E-07 1,67E-22  5,20E-10 1,29E-05 6,62E-05
F1 Mean 896E-06 1,30E-21 2,16E-09 6,90E-05 7,63E-04
Std 7,03E-06 1,48E-21 1,65E-09 4,79E-05 7,13E-04
Best 1,80E-03  3,68E-13 6,58E-06 6,69E-03 3,63E-02
F2 Mean 1,98E-02 1,39E-12  2,29E-05 2,19E-02 1,21E-01
Std 4,14E-02 6,60E-13 1,30E-05 1,23E-02 6,14E-02
Best 8,38E+00  4,54E-02 1,25E+01 3,10E+01 2,94E+01
F3 Mean 3,34E+01 1,84E+01 6,12E+01 1,20E+02 1,78E+02
Std 1,02E+01 2,12E+01 292E+01 4,20E+01 1,25E+02
Best 6,01E-02 1,79E-02 2,62E-02 3,34E-02 8,67E-02
F4 Mean 1,18E-01 3,07E-02 6,08E-02 148E-01 2,27E-01
Std 298E-02 8,58E-03 190E-02 5,11E-02 9,20E-02
Best 8,04E+02 O0,00E+00 3,56E+02 1,22E+03 1,10E+03
F5 Mean 1,39E+03 1,97E+01 7,60E+02 1,68E+03 1,71E+03
Std 2,91E+02 4,49E+01 2,28E+02 2,65E+02 2,89E+02
Best 1,38E+01 6,72E-12 4,12E+00 8,71E+00 1,60E+01
F6 Mean 2,20E+01  9,95E-02 7,29E+00 1,63E+01 2,41E+01
Std 4,78E+00  3,04E-01 2,22E+00 3,38E+00 5,60E+00
Best 595E-05 2,15E-10  4,54E-04 1,98E-02 6,96E-02
F7 Mean 1,43E-03 8,15E-10 1,39E-03 1,11E+00 6,22E+00
Std 2,11E-03  3,70E-10  1,20E-03 1,34E+00 4,92E+00
Best 2,92E-04 0,00E+00 4,74E-06 1,95E-02 1,14E-01
F8 Mean 4,88E-03 6,72E-14 4,70E-05 897E-02 4,71E-01
Std 7,33E-03  2,23E-13  4,19E-05 5,81E-02  2,90E-01

Table 6. The Comparison Results of the Different Adaptation on the Benchmark Functions

0.1 0.2 0.3 0.4 0.5
Best 4.28 4.72 4.67 4.66 4.70
F1 Mean 5.29 521 5.04 5.10 5.16
Std 0.56 0.41 0.33 0.37 0.48
Best 4.47 4.42 7.92 8.11 8.21
F2 Mean 4.90 5.04 8.45 8.68 8.87
Std 0.34 0.52 0.35 0.50 0.62
Best 8.48 8.49 8.57 8.60 8.79
F3 Mean 9.07 9.22 9.30 9.21 9.33
Std 0.53 0.58 0.56 0.55 0.49
Best 9.87 9.62 9.66 9.62 9.80
F4 Mean 10.32  10.17 1032 10.68 10.50
Std 0.57 0.52 0.49 0.84 0.56
Best 8.82 8.55 8.74 8.84 8.67
F5 Mean 9.57 9.57 9.66 9.82 9.62
Std 0.66 0.72 0.62 0.75 0.59
Best 8.45 8.67 8.54 7.20 7.38
F6 Mean 9.25 9.30 9.27 9.06 7.70
Std 0.61 0.58 0.47 0.90 0.33
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Best 7.22 7.26 7.29 7.33 7.34
F7 Mean 7.57 7.69 7.63 7.65 7.75
Std 0.31 0.52 0.34 0.33 0.32
Best 6.04 6.05 3.62 3.65 3.67
F8 Mean 6.99 6.10 4.57 3.68 3.69
Std 0.67 0.05 1.22 0.02 0.02

Table 7. The Running Time Comparison Results of the Different Energy Loss on the Benchmark Functions

0.1 0.2 0.3 0.4 0.5
Best 1.79 2.07 2.28 2.48 4.01
F1 Mean 1.83 2.13 231 3.59 4.03
Std 0.05 0.03 0.02 0.48 0.01
Best 2.79 3.16 3.43 3.66 3.89
F2 Mean 2.83 3.19 3.46 3.69 5.84
Std 0.02 0.02 0.02 0.02 1.35
Best 3.75 4.74 5.22 5.49 593
F3 Mean 4.53 5.10 5.66 6.00 6.34
Std 0.37 0.32 0.37 0.30 0.34
Best 4.73 9.54 1025 11.07 11.62
F4 Mean 516 10.10 11.06 11.70 1243
Std 0.35 0.45 0.50 0.37 0.38
Best 7.54 8.87 9.39 10.14 10.84
F5 Mean 8.03 9.22 996 10.78 11.39
Std 0.24 0.26 0.31 0.34 0.37
Best 7.09 8.08 8.87 9.82 10.81
F6 Mean 7.58 8.77 9.55 1042 11.17
Std 0.36 0.33 0.42 0.36 0.34
Best 7.40 8.53 9.02 10.06 10.59
F7 Mean 7.78 8.97 9.80 1052 11.17
Std 0.22 0.43 0.30 0.31 0.28
Best 7.31 8.59 2.50 2.68 2.84
F8 Mean 7.69 8.96 2.59 2.73 4.20
Std 0.26 0.26 0.09 0.03 0.90

Table 8. The Running Time Comparison Results of the Different Population on the Benchmark Functions

10 20 30 40 50
Best 2.25 3.09 3.84 4.68 5.64
F1 Mean 2.58 3.59 4.33 5.09 6.04
Std 0.24 0.33 0.29 0.35 0.27
Best 2.12 2.85 3.77 8.15 9.35
F2 Mean 2.36 3.27 4.40 8.59 10.26
Std 0.18 0.32 0.95 0.26 0.72
Best 3.93 5.59 7.33 8.38 10.00
F3 Mean 4.39 6.25 7.79 9.30 11.00
Std 0.34 0.53 0.39 0.65 0.60
Best 4.48 6.09 7.88 9.63 11.56
F4 Mean 4.95 6.87 8.70 10.26 12.45
Std 0.32 0.44 0.50 0.54 0.71
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Best 3.98 5.63 7.00 9.01 10.80

F5 Mean 4.60 6.42 8.01 9.74 1154
Std 0.31 0.54 0.47 0.54 0.70

Best 3.88 5.54 7.31 8.43 10.28

F6 Mean 4.54 6.11 7.83 9.30 11.04
Std 0.37 0.38 0.48 0.53 0.55

Best 4.03 5.40 6.11 7.42 8.70

F7 Mean 4.48 6.16 7.45 7.69 9.05
Std 0.34 0.41 0.82 0.26 0.38

Be 3.3 4.7 6.1 7.3 8.6

Fg st 5 4 1 1 8

Mean 3.57 5.02 6.40 7.74 9.09

Std 0.10 0.23 0.28 0.31 0.42

Table 9. The Running Time Comparison Results of the Different Shear Force on the Benchmark Functions

1 2 3 4 5
Best 3.44 3.51 3.55 3.58 3.57
F1 Mean 3.56 3.56 3.60 3.61 3.60
Std 0.13 0.03 0.05 0.02 0.02
Best 3.51 3.42 3.41 341 3.42
F2 Mean 3.60 3.46 3.46 3.47 3.45
Std 0.04 0.02 0.06 0.08 0.02
Best 3.63 3.71 3.74 3.72 3.74
F3 Mean 3.66 3.76 3.77 3.77 3.77
Std 0.02 0.03 0.02 0.02 0.02
Best 4.25 4.29 4.27 4.30 4.30
F4 Mean 4.29 4.31 4.30 4.34 4.34
Std 0.02 0.01 0.02 0.06 0.02
Best 3.92 3.89 391 3.92 3.92
F5 Mean 3.96 3.93 3.95 3.96 3.95
Std 0.02 0.02 0.02 0.02 0.02
Best 3.77 3.72 3.77 3.78 3.80
F6 Mean 3.82 3.76 3.82 3.82 3.84
Std 0.02 0.02 0.03 0.02 0.02
Best 3.85 3.80 3.86 3.90 391
F7 Mean 3.90 3.85 3.91 3.95 3.95
Std 0.02 0.02 0.02 0.02 0.02
Best 3.78 3.82 3.87 3.92 3.93
F8 Mean 3.82 3.87 3.92 3.95 3.97
Std 0.02 0.03 0.03 0.02 0.02

When comparing the running time and the solution quality for the adaptation parameter, the algorithm
found the optimal result under the value 0.2 for F5, under the value 0.4 for F8. As for the other obtained
results, however, the algorithm converged closely with the minimum time. For the energy loss parameter,
the AAA reached to the best result in the shortest time in the value 0.1, rather than the other parameter
values in F1, F2, F3, F5 and F7. For the population parameter, although the algorithm had the best value in
terms of running time in all of the functions under value 10, it could not generally obtain good results in
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terms of the solution quality in the given parameter. The AAA found the best values in the best time in value
2 for the shear force parameter in the F1, F5, F6 and F7 functions. However, the running time did not
become much different for the other parameter values.

4. Conclusion

In this study, as noted above, we examined the effect of different parameter values of the Artificial Algae
Algorithm in the optimization of well-known benchmark functions and compared the performance of the
Artificial Algae Algorithm for the corresponding parameter. These are: effect of the population, shear force,
energy loss and adaptation. When tuning the parameter, while the corresponding parameter whose
performance was changed, the other parameters were fixed. Eight benchmark functions were used to
compare the parameters of the method as a problem. The results of AAA applied to the functions are given
in Tables 2, 3, 4 and 5 respectively.

The problem size is constant and is determined as 30. In this way, we tried to find the optimal parameters
for the AAA. It is seen that the obtained results generally approached the optimum results when one
considers the best values, mean values and standard deviation in the tables.

When the adaptation parameter (Table 2) was 0.5, it gave better results, but when the parameter value
was 0.3, it gave the worst value. The energy loss parameter (Table 3) gave very good results when this
parameter was equal to value 0.1, but when the method took the value of 0.5 for this parameter, the AAA
produced the worst value. The population parameter (Table 4.) gave better results when the algorithm had
the value 20 for the corresponding parameter, but when the parameter value was 10, it took the worst value.
The shear force parameter (Table 5.) gave very good results when the parameter value was selected as 2,
but in the other parameter values, it obtained the worst value. As a result, in the light of the obtained results,
it can be said that the optimal parameter values are 0.5, 0.1, 20, 2 for adaptation, energy loss, parameter and
shear force, respectively.

In this paper, the running time comparison results of the different parameters on the benchmark
functions are given in Tables 6, 7, 8 and 9. When Table 6 was examined, when the adaptation parameter was
taken as 0.1, the algorithm found the solution in the shortest time, but when its parameter was equal to 0.4,
this method obtained the result in the longest time. As seen from Table 7, for the energy loss parameter,
when the value was under 0.1, the algorithm achieved the result by spending the minimum running time,
while the algorithm spent the maximum time under value 0.4. As seen from Table 8, when the size of the
population was equal to 10, the algorithm obtained the result in the minimum time. As seen from Table 9,
when the shear force parameter value was chosen as 2 in the values from 1 to 5, the method found the
solution in the shortest running time.

When we use fixed parameter values instead of random values, the AAA gives better results, as can be
understood from the results of this study.
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