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Abstract

Eight experiments were performed on five samples of Aerated Cellular Concrete
(ACC) with varying aluminum powder particle sizes [A1 (95um), A2 (30-70um),
A3 (10-30um), A4&AS5 (96.96nm)]. which are ready at the Thermiston Najaf
factory. Based on statistical data from testing findings, an ideal composite
material was discovered utilizing the hybrid approach represented by genetic
algorithms by carrying out three methods of crossover (1X, 2X, & multi). To
characterize the composite, the fundamental data were constructed based on their
characteristics. In order to prevent clusters from overlapping with one another,
the evolution algorithm then creates a strategy for the genetic clustering process
and offers a number of necessary clusters. One of the clustering validity measures
termed "Davies-Bouldin index" as fitness function of the method that employed.
Then, the two categories of qualities for each cluster: mechanical features
(hardness, compression strength and impact strength, physical features (density,
porosity, thermal conductivity, Total absorption ratio (%), Depth of water
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absorption). This article indicates that composite (37, 45 &45) represented
optimal sample by employing one point, two-point crossover and multi crossover
operators (1X,2X & multi) accordingly.

Keyword: Recycling, aluminum waste, concrete, Nano, micro powder, ACC.

Introduction

Natural selection and genetics are the foundations of the adaptive heuristic known
as the genetic algorithm (GA). One of the most well-known types of evolutionary
algorithms is the GA. The mechanics of biological evolution, which were first
studied by John Holland University of Michigan in the 1970s and later expanded
by De Jong and Goldberg [1], are the foundation of the GA. Due to the many
benefits of GAs and their hybrids, including their parallel search nature, easy
optimization model creation, and free derivative features, they have been used to
solve a variety of optimization issues. A population, or collection of solutions
represented by chromosomes, is the first prerequisite for a GA [2].

GA 1s a population based evolutionary optimization approach for finding the best
or near-optimal solution to a given objective function in a specified search area.
The optimization process starts by generating an initial population, which is a
collection of possible solutions, generally referred to as chromosomes. Each
chromosome is a string of genes, each gene being a distinct decision variable or
issue parameter. The GA develops the population repeatedly to successively
higher generations by the sequential use of three basic genetic operators:
selection, crossover and mutation according to the principles of natural selection
and biological evolution. The selection operator is used to select high quality
individuals preferentially on the basis of their fitness values, the crossover
recombines the genetic information of parent chromosomes to generate better
offspring, and the mutation introduces random genetic variations to maintain the
diversity of the population and improve the global search capability. This
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evolutionary process is repeated until a predetermined termination criterion
(including maximum number of generations or convergence to an acceptable
fitness value) is reached, at which point the best performing chromosome in the
final population is considered to be the optimal solution to the optimization
problem [3].

Basics of Genetic Algorithms (GA)

According to Goldberg (1994), the GA approach is a significant and solid study
topic. Additionally, Deb (1998) offered it as a possible search and optimization
technique to address a variety of intricate issues. The GA was initially
conceptualized by Professor J. Holland of University of Michigan, Ann Arbor in
1965 [3].

Overview of the Genetic Algorithms (GA) and Operators

GA 1s a powerful evolutionary search and optimization tool based on the
principles of natural selection and processes of biological genetics. It is meant to
tackle difficult optimization problems by evolving a population of candidate
solutions towards an optimum or near-optimal solution repeatedly. The
optimization process starts with a randomly generated population of individuals,
where each possible solution is represented as a chromosome, which is typically
a binary string, but other encoding schemes, including real-valued
representations, can be used, depending on the problem. For each chromosome,
a fitness function is created in order to quantify the quality of the candidate
solution with regard to the optimization goal. Chromosomes with higher fitness
values have a larger possibility of being selected to become part of the next
generation, and hence guide the search towards better areas of the solution space.
The evolutionary process is driven by physiologically inspired processes
including selection, crossover (recombination), mutation, and inheritance which
together encourage the retention of beneficial genetic information while
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maintaining sufficient variety to prevent premature convergence. By repeatedly
using these operators on generations, the population is gradually evolved towards
better solutions with better objective function values. A typical GA usually
comprises five basic operators for population initialization, fitness evaluation,
parent selection, genetic recombination, and mutation, which offer an efficient
and flexible optimization framework for a wide variety of complex engineering
and scientific optimization problems [4]:

Reproduction

Reproduction is a two-step process. First, a single S-expression is picked from
the population according to some selection procedure based on fitness. Secondly,
the chosen individual is replicated, unaltered, from the present population (i.e.,
the next generation) [5].

Fitness Function

The fitness function is the main component of the genetic algorithm. It assesses
the quality of each potential solution quantitatively and drives the evolutionary
search to the global optimum. In the current work, the fitness of each chromosome
was evaluated using the Davies-Bouldin (DB) index, a well-known internal
cluster validity measure that considers simultaneously both intra-cluster
compactness and inter-cluster separation. The DB index is computed as a ratio of
the within-cluster dispersion to the between-cluster centroid separation. A low
index value indicates good clustering results, with clusters being compact and
well separated. The optimization target was therefore to reduce the Davies—
Bouldin index that improves the overall clustering quality. The within-cluster

dispersion related to the i-th cluster was calculated as:
1

1 :
S (2 e 16215 0

and the distance between cluster Ci and Cj is described as
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dije =l Z; — Zj 2)

The term S;(q)denotes the g-th root of the g-th central moment of the | C; |data
points belonging to cluster C;with respect to its centroid z;, thereby providing a
quantitative measure of the intra-cluster dispersion. In the present study, S;(q)is
described as the mean Euclidean distance between all data vectors assigned to
cluster Cjand the corresponding cluster centroid z;, thereby reflecting the
compactness of the cluster. Conversely, dj;(t)represents the Minkowski distance
of order tbetween the centroids z;and z;of clusters Cjand C;, respectively, and
serves as a measure of inter-cluster separation. The combined assessment of intra-
cluster compactness and inter-cluster separation provides a robust criterion for
evaluating clustering quality. Accordingly, the clustering validity index was
subsequently computed using the following expression [6]:

S; q+Si
R — 1,9 ]uQ} 3
= e ®
The Davies—Bouldin DB index is then described as:
K
1
DB = ~ 1R”‘t 4)

In order to achieve appropriate clustering, the goal is to reduce the DB index. The
fitness function for chromosome j is described as 1/DBj, where DB;j is the Cavies-
Bouldin index derived for this chromosome, where the maximizing of the fitness
function will assure reduction of the DB index [7].

Crossover

The crossover operator is one of the most significant evolutionary processes in
GA that enables the exchange of genetic information across parent chromosomes,
generating new offspring that may possess better features. Crossover improves
the algorithm’s exploitation potential by recombining good genetic material of
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high-quality solutions and at the same time increases the chance of finding better
candidate solutions in the search space.

In the current research, many crossover procedures were investigated to assess
the efficiency of maintaining and pooling useful genetic characteristics. The
typical one-point crossover is that one crossover site is picked along the
chromosome and the genetic segments beyond the designated place are swapped
between two parent chromosomes to generate two offsprings. Moreover, two-
point crossover was performed by picking two crossing places, and just the
chromosomal section between these points was transferred, retaining the rest of
the genetic material from each parent. Additionally, the uniform crossover
operator was also investigated, in which each gene was inherited separately
according to a certain probability, which enabled a more varied and uniform
recombination of parental genetic material. Together, the crossover processes
provide a better tradeoff between exploration and exploitation, increase the
variety of the population and improve the chances to converge to globally
optimum solutions.

eSingle Point Crossover

11001011+11011111 = 11001111

Parent A Parent B Offspring

B |+ -

Figure 1. Single point crossover [7].
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e Two Points Crossover
11001011 + 11011111 = 11011111

Parent A Parent B Offspring

Bl i+ [ -l

Figure 2. Two Points Crossover [7].

e Uniform Crossover
11001011 + 11011101 = 11011111

Parent A Parent B Offspring
+

Figure 3. Uniform crossover [7].

Mutation

The offspring chromosomes were mutated after the crossover operation to
improve the exploration capabilities of the GA. Mutation is a basic evolutionary
operator that randomly changes chosen genes, therefore ensuring genetic variety
of the population and lowering the risk of early convergence to local optima.
Mutation helps to avoid the possible loss of vital genetic information during the
selection and crossover operations by disturbing the genetic structure of candidate
solutions and provides a possibility to generate new patterns of solutions, which
have not been studied before. Mutation is an exploration method, which spreads
the search to uncharted parts of the solution space. Contrary to crossover, that
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mainly leverages the information stored in high quality parent chromosomes to
enhance existing solutions. This trade-off between exploitation and exploration
allows the algorithm to escape local minima and improve its capacity to find
global optimum solutions. Furthermore, the constant infusion of fresh genetic
material maintains the variety of the population, avoids genetic stagnation and
keeps the evolutionary quest going across generations. Hence, the mutation
operator is very important to improve the resilience, convergence reliability and
global optimization ability of the GA.

11001001 => 10001001

After crossover After mutation

IEEE-H B

Figure 4. Mutation process [7].

Elitism

In order to maintain the best quality solution throughout the evolutionary process,
it has been included an elitism approach into GA. Conventional selection,
crossover and mutation operators may accidentally delete better chromosomes
during the production of a new population due of the fact that the selection of
parents is stochastic in nature [8]. In order to solve this problem, the elitism
process copies the best chromosome(s) or a set number of elite chromosomes
from the current generation to the next generation without any change. This
guarantees that the most promising solution found throughout the search is
maintained, limiting the loss of people with high-fitness. In the current work,
elitism was applied at each generation by keeping the best chromosome found so
far in a special memory location outside of the developing population and
inserting it into each new generation [9]. Therefore, the suggested elitist
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technique made the GA converge faster, search more stably, and perform better
overall by exploiting the best candidate solution continuously, while retaining
population variety.

Representation of solution
The chromosomes were encoded with real-magnitude representations of the

material qualities empirically evaluated in laboratory tests, as detailed in Table 1.
Visual Basic programming language was used to build the GA to ease the
implementation of chromosomal encoding, population creation and evolutionary
operations. The length of the chromosome was equal to the number of material
qualities included in the optimization process, and each chromosome consisted
of N genes. Gene lengths were dynamically allocated based on the features of the
encoded data (Figure 1). The first gene (length = 1) was the density; the second
gene (length = 1) was the total water absorption ratio (%); the third gene (length
= 420) was the water absorption depth; the fourth gene (length = 1) was the
porosity ratio (%); the fifth gene (length = 1) was the thermal conductivity; the
sixth gene (length = 1) was the compressive strength; the seventh gene (length =
1) was the hardness; and the eighth gene (length = 1) was the mechanical impact
strength. The use of real- magnitude chromosomal structure allowed the
evolutionary algorithm to effectively maintain the continuous character of the
empirical data, and also to enhance the efficiency and robustness of the

optimization process.
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6 1 Genn
Density Total absorption | Depth of water Porosity Thermal Compressive Mechanical
ratio(%) absorption ratio% Conductivity Strength Hardness impact
o

[F3 [ Fa [F5 [ Fs [¥7 [Fs [Fo [F10 [Fu1 [F12 [F113 [F14 [ F15 [ F1s [ P17 [F1s [ F1o [ F20 [ F21 [ P22 [ F23 [ P24 [F25 [ 6 |

Figure 5. The representation of chromosome.

Implementation

The genetic operators are utilized in the GA optimization technique accordance
to the flowchart presented in Fig. 6 It is not required to utilize all of these
operators in a GA since each actions independent of the other, the choice or design
of operators relies on the problem in question and the illustration scheme chosen.
For example, operators built for binary strings cannot be utilized directly on string
coding with integers or real number.

Table 1: Features of tests results.

Features | Meaning of features Features | Meaning of features

F Drying density value at drying F Depth of water capillary
: temperature 105 °C 1 absorption After 15hour

F Total absorption ratio (%) value F Depth of water capillary
: at drying temperature 105 °C 8 absorption After 16hour

F Depth of water capillary F Depth of water capillary
: absorption After lhour " absorption After 17hour

10| Page



o€

OPEN ACCESS JOURNALS

Eureka Open Access Journals

Open Access | Peer Reviewed | International Journals | Multidisciplinary Areas

Eureka Journal of Geoscience, Materials &
Resource Engineering (EJGMRE)

ISSN 2760-4985 (Online)

Volume 02, Issue 10, October 2026

(Mol

This article/work is licensed under CC by 4.0 Attribution

https://eurekaoa.com/index.php/9

F Depth of water capillary F Depth of water capillary
N absorption After 2hour 20 absorption After 18hour

F Depth of water capillary F Depth of water capillary
: absorption After 3hour °! absorption After 19hour

F Depth of water capillary F Depth of water capillary
6 absorption After 4hour 2 absorption After 20 hour

F Depth of water capillary F Depth of water capillary
! absorption After Shour = absorption After 21hour

F Depth of water capillary F Depth of water capillary
8 absorption After 6hour 4 absorption After 22hour

F Depth of water capillary F Depth of water capillary
’ absorption After 7hour > absorption After 23hour

F Depth of water capillary F Depth of water capillary
10 absorption After 8hour 26 absorption After 24 hour

F Depth of water capillary F porosity ratio % value at drying
H absorption After 9hour 27 temperature 150 °C

F Depth of water capillary F Thermal conductivity value at
12 absorption After 10hour 28 temperature 100 °C

F Depth of water capillary F compressive strength value at
13 absorption After 11hour 2 rate 0.1

F Depth of water capillary F Vickers hardness value at load
4 absorption After 12hour 30 9.4N and dwelling time 20 s

F Depth of water capillary F Charpy  mechanical impact
" absorption After 13hour ! value in joules/m? unit

F Depth of water capillary
10 absorption After 14hour
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Encoding for values

¥

Created population

Y

Selecting Fitness
function

’

Performed Crossoverby
three ways (1X, 2X, multi) by
present 50% of chromosome

\ Y,

L 4

Y

Producer mutation by present
5% of chromosome

L 4

Use fitness function to choose
the best chromosome

{

\, Repeat the
. processtoreachto
optimum /S

\\__

\ 2
End

Figure 6. Flowchart of a simple GA.
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Results and Discussion

The hybrid technique, which is expressed by statistical variables and GAs, is used
in this investigation to reach the optimal specimen. Data from experiments are
used to identify the optimal features of samples (i.e., in this research, eight of the
features of samples have been identified); consequently, a database was
constructed to characterize samples based on their features. Based on Table 2
findings, chromosome (37) is the ideal specimen for the 1X-crossover operator
that provides the best characteristics; Table 3 findings indicate that chromosome
(45) 1s the ideal alloy for the 2X-crossover operator; and Table 4's results indicate
that chromosome (45) is the ideal alloy for the multi-crossover operator that
provides the most desirable features.

Stepl load the alloys database that contain the (100) alloys and (31) features
(described) mechanical characteristics) including a density test, Total absorption
proportion test, Depth of water absorption test, Thermal Conductivity test,
Compressive Strength, hardness test and mechanical impact test with (F1, F2, F3-
F10, F11-F18, F19-F26 and F27-F31) respectively as illustrated in Fig. 7.

Step 2: As shown in Fig. 8, transform the magnitudes from the database above to
magnitudes in the range [0,1].

In the third step of our study, it has been used the GA to choose the best sample
utilizing the three crossover methods (1X, 2X, and multi), as seen in Fig. (9, 10).
To identify the optimal magnitudes of the final alloy feature findings, a GA is
used. Prior to this, it must ascertain a few GA-related characteristics, including
population size (100 people), likelihood of crossover (50%), probability of
mutation (5%), and number of generations (100).
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Next Create Population
F1 [ R [ m [ F4 [ Fs | Fe [ F7 | F8 [ P [Fl0 4]
L 545 44 5.27 7.14 4.24 6.38 5.39 5.15 5.47 761 L
|| 521 45 6.74 3.97 1.21 6.93 5 4.65 4.89 1.75
[ 531 43 1.56 431 6.63 4.14 5.9 5.48 4.57 3.93
| 558 44 5.74 4,08 5.07 6.23 5.2 4.87 5.98 4.65
547 43 4.2 3.89 5.02 7.6 7.84 5.89 6.53 5.59
= 541 43 6.12 5.03 7.81 6.38 4.81 5.36 6.16 139
|| 546 44 5.61 4.58 5.46 7.34 1.5 6.18 437 5.99
|5 526 44 6.53 433 7.09 7.53 5.98 6.78 7.38 4,18
L 547 45 4.39 7.28 6.16 7.65 731 1.02 7.85 6.14
563 43 5.06 5.6 6.84 7.39 7.63 4.99 5.53 1.34
564 44 4.65 3.99 5.97 5.26 6.18 3.87 6.45 6.4
| 531 43 4.03 511 4.02 1.79 6.10 5.21 6.33 168 |y
4« | »
Figure 7. Load the specimen's database.
Next to GA
fl F2 [rm [ [m |\ [ ro o [ m 12 [ -
Population Size |1()0 1 818465028 | 943643302 | 920311787 | 750877327 | 529365736 | 600795628 | 03308869 | S18745698 | S07I2746 507954765 | SH1635755 606,985
;27 744601685 | 529652525 ‘53.]"5551 EDB‘Z‘S‘SJM?S“S‘E 88189736.7 729‘5‘058‘56371257 ‘88951022‘ 973120715 = 729820884 ‘865
Chlkomoiome e 1 A T T T R e T
5

56233230.7 | 746485405 | 567529339 | 862506322 | 786369322 | 515729685 57877891.1 | 60700947.1 | 863936258 788740822 977928622 | 884

Probability of mutation |69

6 | 527046501 | 67837832 | 83323165 | 71715757.2 | 593604506 | 673343888 | 522604701 | S51317065 | 703901435 | 539373843 | 56220756.1 | 546
7 | 78012897 | 458978475 | 506682686 | 567959325 | 553393079 | 838141286 | 576506682 | 811340089 | 608327465 593664571 | 883381310 | 706
Probability of crossover  [50% 8 | 67457215 S31G20286 | 731912916 | 832681761 | 840378405 50998887 726846154 | GSIBIST | 64TSB0692 37776787 | 66653861 | 975
9 67624268.1 | 71860637.5 | 604663461 | 875788308 | 832390330 691930716 664160321 | 900339564 834799567 798981921 534757486 | 801
10 | 539352486 | 722480703 |S6din .. o, 623502976 729506242 | 6334S5301 | 695324796 648425041 | 54550372 |.786
Numb: £ ti Project1 X |
umber of generation 1100 11 954441506 982527571 554 |eso5168.0 | 505455449 | 566091010 | 535008626 | 664136421 | 868620015 | 359
12 | 83260751 | 916304565 | 75062137.0 680869699 | 965270644 | S259232B6 7421387 | 535698394 | 634
I Best Chromosome is: 45
Type of crossover 2X - 4 L

I RHEDEERr RO ERENEREEEONDRERERED ..@...illllllIII‘I‘I’IIII/III'IIIIII'II

T 100%

Start Genetic Algorithm

Figure 8. Database of alloys transformation.
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Next to GA |

lal [ F2 | F3 | F4 I F5 I F6 l F7 l F8 ‘ F9 [ F10 ‘ m l qu
P opulation Size 100 1| 818465029 943843002 | 920311787 | 750877327 | 529365736 600795628 503308869 918745898 930712746 507954765 81635755 | 506985

2 744601685 529652525 | 530016661 806424345 612545545 881897367 72945106.8 563712567 839910224 973120715 723820884 865
Chromosome Size 31 3 | 637200698 | 816729191 | 542513987 | GS0096144 | 650457056 | B0G957026 | 886139149 626294970 | 44466906 | 542710011 | 63138381 | 674
4 | 5039447 | 711925624 | 974523007 | 935491351 | 52506897.5 | 682533119 | 900236687 770777132 | BOBS4255.7 | 589785601 | 990366314 | 605

Probabiﬁty 0fmutaﬁ0n W 5 562332307 = 746485405 | 587529339 682506322 | 786369322 515729685 57877831.1 60700847.1 B63936258 788740822 977328522 884
6 | 57046501 567837882 | 83339465 | 717157572 | 59304506 | 673349688 520804701 551317085 703901435 539373843 582207561 546
7 | 780128387 456978475 | 58882686 | 567350325 | 55339307.0 | 838141281 576585682 G1134008.9 808327465 593564571 838381310 706
Probability of crossover | 50% 8 | 672457215 | 531820286 | 731912916 | 832691761 | 840378405 | 55099888 7 | 72684615.4| 633928151 | 647580892 537776787 666538661 | 975
9 | 676262681  71680637.5 | 604663461 | 675788308 | 882390390 | 691990716 | 664160321 90033564 BI79567 | 798961921 54757486 | 801
Number of generation | 100 T‘ 539352486 | 722480703 | 564896847 | 706363725 | S6313967.6 | 823502976 | 729505242 B3B485301 | BIBIATIE | 648425641 | 52495837.2 | 786
n 954441506  98252757.1 | 568913475 Projecﬂ 3¢ P9595188.0  58645544.9 96809101.0 535008826 664196431 888320015 .359
12 | 83660751 916304565 | 858180488 P9062137.0 | 66086859.9| 965270644 | 925923286 | 704521387 535098394 | 634

1X j 7 Best Chromosome is: 37 mﬂ
NNNNNNEEEEEENNNRNNNNNNRNNNNNENANEN] | pEEEENERRRERENEENEEEEEER

100%
END

Start Genetic Algorithm
Next to GA
[ m [ [ [ m [ s [ wm [ m [ m [ rm [ Fmo | m [ o
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Figure 9. GA findings for two crossover methods (1X, 2X).

15| Page




Eureka Open Access Journals

OREL
akyV
<
(=)=
Open Access | Peer Reviewed | International Journals | Multidisciplinary Areas

OPEN ACCESS JOURNALS

Eureka Journal of Geoscience, Materials &
Resource Engineering (EJGMRE)

ISSN 2760-4985 (Online) Volume 02, Issue 10, October 2026

|@ ©O) This article/work is licensed under CC by 4.0 Attribution

https://eurekaoa.com/index.php/9

Z
(]

=3
3
Q
>

9 676242681 718806375 60466346.1 | 875788308 = 882390330 691930716 664160321 900339564 834799567 798381921 594757486 801

& 10 539352486 = 722480703 | 56489684.7) Project1 X | 823502976 729586242 838485301 838924796 648425841 524958372 786
Number of generation 100 I

A 20 | S F4 ] s | B | 7 | B | B | Fo mo| |a
Population Size 100 1| €10465029 | 943843302 | 920311787 | 750677327 | 529%5736 600795628 503306869 | 916745898 920712746 SO7954765 | BOIGII55 606,995
T 744601685 = 529652525 53001666.1 = 806424345 612545545 ©8189736.7 723451068 563710567 889712527 973120715 729820884 865
. 3 637232898 818729191 | 542513387 A 85006614.4 = 659457056 808957026 686139149 626234970 944468986 542710011 683138381 674
Chromosome Size 31
4 583349447 | 711925624 | 974523007 | 935491351 | 525068975 882533119 90023668.7 770777132 80854255.7 58978560.1 990358314 605
5 56233230.7 746485405 @ 587529339 | 882506322 | 786369322 515723685 57877891.1 687096251 863336258 788740822 977928622 884
Probability of mutation 6% 6 | 57046501 567837882 | 833209465 | 717157572 | 59304506 673043888 522604701 | 551317065 703901435 539373843 582207561 546
7 780128987 458978475 586882686 | 567359325 | 553393079 83814128.1 576586682 811340083 808327465 59356457.1 888381310 .706
Probabilit) of crossover 50% T 672457216 531820286 | 731912916 | 83268176.1 | 840378405 550998887 726846154 683928151 647580692 537776787 66653866.1 975

n 954441506 = 982527571 @ 568913475 595951880 586455449 968091010 535008826 664196431 888820015 359
12 832460751 | 916304565 | 8581804838 - 79062137.0 680868699 965270644 925923286 704521387 535998334 634
Best Chromosome is: 45 j
Mt <] || o

IIIIIIIIlIIIIIIIIIIIIIIIIIlIIIIIIIImnO-KnullII'IIIIIIIIIIIIIIlIlIIIIlI

END 100%

Start Genetic Algorithm

Figure 10. GA results for two crossover methods.
Table 2: Findings of the optimization method representing GA for 1X-crossover
operator comparison with the empirical findings.

Features Empirical 2{222533011 Features Empirical 2{;221;1?011
Fi 530 520 Fi7 6.5 7.1

F2 43 45 Fig 6.55 7.2

F3 4.5 3.8 Fi9 6.6 7.3

Fa 4.8 4 Fao 6.67 7.4

Fs 5 4.8 Fai 6.7 7.5

Fs 5.2 5 F2 6.8 7.6

F7 53 53 F23 6.85 7.7

Fs 5.5 5.7 Fo4 6.9 7.8

Fo 5.6 5.9 Fas 6.98 7.9
Fio 5.7 6.2 Fae 7 8

Fii 5.8 6.3 Fa7 75.681 72.05
Fi2 5.9 6.5 Fasg 0.130 0.14
Fi3 6 6.7 Fa9 2.577 2.93
Fi4 6.1 6.8 F3o 71.907 73.4
Fis 6.2 6.9 F31 0.0156 0.0154
Fi6 6.3 7
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Table 3: The differences between the empirical and optimization algorithm
results for the GA for the 2X-crossover operator.

Features | Empirical 2?;;21?;“% Features | Empirical gggﬁgﬁon
Fi 530 517 Fi7 6.5 7.1

F2 43 44 Fisg 6.55 7.2

F3 4.5 3.8 Fi9 6.6 7.3

F4 4.8 4 F20 6.67 7.4

Fs 5 4.8 F21 6.7 7.5

Fs 5.2 5 F2» 6.8 7.6

F7 53 53 Fa3 6.85 7.7

Fs 5.5 5.7 F24 6.9 7.8

Fo 5.6 59 Fos 6.98 7.9
Fio 5.7 6.2 Fae 7 8

Fui 5.8 6.3 F27 75.681 73.66
Fi2 5.9 6.5 Fasg 0.130 0.145
Fi3 6 6.7 F29 2.577 2.93
Fi4 6.1 6.8 F3o 71.907 73.4
Fis 6.2 6.9 Fs1 0.0156 0.0156
Fie 6.3 7
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Table 4: The differences between the empirical findings and the optimization
algorithm's GA for the multi-crossover operator.

Features | Empirical if)gtg?iiiﬁon Features | Empirical gggﬁglﬁon
Fi 530 528 Fi7 6.5 6.6

F> 43 43 Fis 6.55 6.7

F3 4.5 4.3 Fio 6.6 6.8

F4 4.8 4.5 F20 6.67 6.82
Fs 5 4.9 F2 6.7 6.93
Fs 5.2 5 F2 6.8 6.97
F7 53 5.1 F23 6.85 7

Fs 55 53 Fo4 6.9 7.05
Fo 5.6 5.5 Fas 6.98 7.15
Fio 5.7 5.7 Fa6 7 7.2

Fi1 5.8 5.9 F27 75.681 73.66
Fi2 5.9 6.1 Fos 0.130 0.122
Fi3 6 6.2 Fo9 2.577 2.601
Fi4 6.1 6.3 F3o 71.907 70.05
Fis 6.2 6.4 F3; 0.0156 0.0139
Fis 6.3 6.5

Conclusions

According to the result of the present work, the following can be concluded.

1. The GA is provided already the ideal solution of many problems by generating
an integrated population individual as well as allowing to identify the attributes
with higher precision and generality.

2. Alloy (37) is the ideal alloy for utilizing the one-point crossover operator,
meaning it provides the greatest characteristics that are comparable to the sample
magnitudes of (A3).
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3. Alloy (45) is the ideal alloy when using the two-point crossover operator,
meaning it provides the greatest qualities that are comparable to the specimen
magnitudes of (A3).

4. Alloy (45) is the best alloy utilizing the multi-point crossover operator,
meaning it has the greatest characteristics comparable to those of the (A3) sample.
5. As opposed to the laboratory findings, which take longer time and more
expense. The findings were acquired by applying GA in a quicker period and
less expense.
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