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ABSTRACT

This paper provides six tests were carried out for the base alloy (BA) (Al 2%Mg)
and the three composite samples ((A1 (Al- 2%Mg-2%CKD), A, (Al-2%Mg-8%CKD) & A3
(Al-2%Mg-16% CKD))) which were prepared by using powder metallurgy technique. As a
results, it was found an optimum composite material using the hybrid method represented by
genetic algorithms by using through carry out two ways of crossover (1X, 2X), basing on
statistical data obtained from experimental results. The basic data were built, depending on
their properties, to describe the composite. Then, the evolution algorithm is to make
procedure for the genetic clustering process and provides a number of required clusters; to
avoid the overlapping between clusters with the other. One of the clustering validity
measures called "Davies-Bouldin index" as fitness function of that algorithm that used.
Then, the two types of properties for each cluster: mechanical properties (hardness, thermal
conductivity, wear rate, friction coefficient) and machining properties (surface roughness,
tool life) were extracted. This paper concludes that composite (43&33) represented optimum
composite material by using one point and two point crossover operators (1X,2X)
respectively.
Key words: genetic algorithm, optimum, hardness, thermal conductivity, wear rate,
friction coefficient, surface roughness, tool life.
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1. INTRODUCTION :-

A genetic algorithm (GA) is a search and optimization method which works by
mimicking the evolutionary principles and chromosomal processing in natural genetics. A
GA begins its search with a random set of solutions usually coded in binary strings. Every
solution is assigned a fitness which is directly related to the objective function of the search
and optimization problem. Therefore, the population of solutions is modified to a new
population by applying three operators similar to natural genetic operators-reproduction,
crossover, and mutation. It works iteratively by successively applying these three operators in
each generation till a termination criterion is satisfied. Over the past decade and more, GAs
have been successfully applied to a wide variety of problems, due to their simplicity, global
perspective, and inherent parallel processing [Sedighizadeh, 2008].

2. LITERATURE REVIEW :-

2.1. Overview of the Genetic Algorithms and Operators:

Genetic Algorithm ,GA, is a heuristic used to find approximate solutions for difficult
to solve problems through application of the principles of evolutionary biology to computer
science. Genetic algorithms use biologically-derived techniques such as inheritance,
mutation, natural selection, and recombination (or crossover) [Samaher, 2005].

A Dbasic genetic algorithm that can produce acceptable results in many practical
problems is composed of five operators:

1)  Reproduction process goal is to allow the genetic information, stored in the good fitness
artificial strings, survive the next generation. The typical case is where the population’'s string
has assigned a value according to its aptitude in the object function. This value has the
probability of being chosen as the parent in the reproduction process of a new generation
[Hussein ,2013].

2)  Fitness function plays the most important role in genetic search. This function has to
evaluate the goodness of each chromosome in a population [Sedighizadeh M., 2008 &
Mansouri, 2012]. Thus, the input of the fitness function is a chromosome and it returns a
numerical evaluation representing the goodness of the feature subset. The fitnesss of a
chromosome is calculated by using the Davies- Bouldin index. This index is a function of the
ratio of the sum of within-cluster scatter to between-cluster separation [Kumar,2014 &
Mr.Goual, 2009]. The scatter within the ith cluster, is computed as:

/ 1/q
1
P — N Tl A (1-1)
Si.q ( Gl E NX-Zing) )

) xeCi

and the distance between cluster Ci and Cj is defined as:

dij.t = ||Zi — Zj||t a-

Si,q is the gth root of the gth moment of the |Ci| points in cluster Ci with respect to their mean
zi, and is a measure of the dispersion of the points in the cluster. Specifically Si,q used in this
article, is the average Euclidean distance of the vectors in class i to the centroid of class i,dij,t is
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the Minkowski distance of order t between the centroids zi and zj that characterize clusters Ci
and Cj. Subsequently, the study will compute.

. _ Fiq+5j '?}
Ri.qt = lflriﬁ‘{ dijt -3

The Davies—Bouldin DB index is then defined as:

(1-4)
DB = - ¥¥, Riqt

The objective is to minimize the DB index for achieving proper clustering. The fitness function
for chromosome j is defined as 1/DBj, where DBj is the Cavies-Bouldin index computed for
this chromosome, where the maximization of the fitness function will ensure minimization of
the DB index [Bandyopadhyay, 2001].

3) Crossover operator plays an important role in producing a new generation. The
crossover operator is a genetic operator that combines (mates) two chromosomes (parents) to
produce a new chromosome (offspring). The idea behind crossover is that the new chromosome
may be better than both of the parents if it takes the best characteristics from each of the
parents. Crossover occurs during evolution according to a user definable crossover probability.
There is number of cross over operators such as: One point crossover, two point crossover and

uniform crossover in this research. The study has as a results, used one and two point crossover
operators will be used [Abuiziah, 2013].
4) Mutation involves the modification of the value of each ‘gene’ of a solution with some
probability pm, (the mutation probability). The role of mutation in genetic algorithm has been
that of restoring lost or unexplored genetic material into the population to prevent premature
convergence of the GA to suboptimal solution [Hussein, 2013 & Furdu, 2006].

5) Elitism when creating new population by genetic algorithm processes, we might lose
the best chromosome since the selection of chromosomes (or candidate solutions) is more or
less done at random. Elitism is the name of method, which first copies the best chromosome (or
a few best chromosomes) to new population for further evolution. Elitism can very rapidly
increase performance of GA because it prevents losing the best found solution. We have
implemented elitism at each generation by preserving the best string seen up to that generation
in a location outside the population [Chakraborty, 2003].

2.2. Representation of Solution

The chromosomes are makeup of real values (representing the values of the alloy properties
that obtain by the laboratory tests as shown in Tables (1 & 2)) by using visual basic language.
The length of a chromosome equal N gene while the length of gene is dynamic length the first
gene equals one that represent the hardness properties as explained in Fig.(1), the second gene
length equals one that represent the thermal conductivity properties, the third gene length
equals eight that represent the wear rate properties, the fourth gene length equals eight that
represent the friction coefficient properties, the fifth gene length equals eight that represent the
surface roughness, the sixth gene length equals eight that represent the tool life properties.
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2.3. Implementation

The genetic operators are used in the genetic algorithm optimization procedure according to the
flowchat given in Fig. 2. It is not necessary to employ all of these operators in a genetic
algorithm because each operates independently of the other, the choice or design of operators
depends on the problem and the representation scheme employed. For instance operators
designed for binary strings cannot be directly used on strings coded with integers or real
number.

3. RESULTS AND DISCUSSION

This study provides method to reach to the optimum sample using the hybrid method, that
represented by statistical parameters and genetic algorithms, where the use of data obtained
from experiments to determine the optimum properties of alloys (i.e. in this research have been
identified six of the properties of alloys). Accordingly, the database was built describe alloys
depending on their properties. Results showed optimization algorithm represented genetic
algorithm the chromosome (43) is the optimal alloy for 1X-crossover operator that gives the
best properties according to results shown in Table(5) and the chromosome (33) is the optimal
alloy for 2X-crossover operator that gives the best properties according to results shown in
Table (6).

Stepl load the alloys database that contain the (50) alloys and (34) feature (represented
mechanical properties such as hardness test, thermal conductivity test, wear rate test and
friction coefficient test and machining tests such as surface roughness test and tool life test with
(F1,F2,F3-F10,F11-F18,F19-F26 and F27-F34) respectively .

Step2 convert the values of above database to the values in the range [0,1].

Step3 in this work, we apply the genetic algorithm to find the optimal sample by using two
ways of crossover (1X,2X) as shown in Table (3&4) respectively.  Genetic algorithm is
applied to find the best values of the final results of alloys features. Before this, we need to
determine some of parameters related to GA such as (population size= 50 individuals,
probability of crossover= 90%, probability of mutation= 10% and number of generation= 100).

4. CONCLUSIONS :-

As a results which have presented the work. The study can be the following concluded:

1. The optimal alloy by using one point crossover operator is alloy (43) which means it
gives the best properties similar to (A3) alloy properties.

2. The optimal alloy by using two point crossover operator is alloy (33) which means it
gives the best properties similar to (A3) alloy properties.

3. As compared to the laboratory results, which need longer time and more cost. The

results were obtained by using genetic algorithm in a shorter time and less cost.
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hardness || Thermal | Wear || Friction Surface Tool life
conductivity | rate | coefficient roughness
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Fig.(1): The representation of chromosome.

==

| Encoding for values |

I Create population

|  Selecting fitness function
Perform crossover by two ways (13X,
2X) by percent 20% of chromosome

Procedure mutation by percent 10%
of chromosone

Use fitness function to choose the
bhest chromosome

Repeat the process to
reach the optimum

Fig.2. Flowchart of a simple genetic algorithm.
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Table 1. Features of tests results.

Features Meaning of features Features Meaning of features

Fi || Vickers hardness value at load 200g. Fi || gonal conductivity value at temperature

3 Wear rate at load 4N for Smin. Fs "Wear rate at load 4 for 10 min.

Fs Wear rate at load 41 for 13 min. Fs "Wear rate at load 43 for 20 min.

Fq Wear rate at load 10 M for 5 min. Fs Wear rate at load 10N for 10 min.

Fs Wear rate at load 10 ¥ for 15 min. Fuo "Wear rate at load 10 ¥ for 20 min.

Fu Friction coefficient at 4N for 5 mm. Fiz Friction coefficient at 41 for 10 mm.

Fis Friction coefficient at 41V for 1 5min Fis Friction coefficient at 4N for 20min.

Fis Friction coefficient at 100 for Smin Fis Friction coefficient at 10M for 10 mm

Fir Friction coefficient at 10N for 15 mm. Fiz Friction coefficient at 101N for 20 mmn

F Surface roughness at speed 30 rpm, F, Surface roughness at speed 160 rpm, feed
¥ fzed rate 003 miTev. w rate (.05 m/rev.

. Surface roughness at speed 315 rpm, Fu Surface roughness at speed 300 rpm, feed
u feed rate 0.05 miTev. - rate (.05 mrev.

F, Surface roughness at speed 30 rpm, Fa Surface roughness at speed 160 rpm, feed
u fzed rate 0.1 miev. ‘4 rate (.1 m/rev.

F Surface roughness at speed 313rpm, F Surface roughness at speed 300 rpm, feed
= feed rate 0.1 miev. e rate (.1 mirev.

For Tool Iife at speed 80 rpm, feed rate 0,05 F, Tool life at speed 160 rpm, feed rate 0.03
. mmTev. % mmrev.

F Tool life at speed 315 rpm, feed rate F Tool life at zpeed 500 rpm, feed rate 0.03
= 0.05 mm/Tev. i mmTey.

F Tool life at speed 80 rpm, feed rate 0.1 Fer Tool life at speed 160 rpm, feed rate 0.1
i MIUTEY. = mmTEy.

F Tool Iife at speed 313 rpm, feed rate(l. F Tool Iife at zpeed 200 rpm, feed rate 0.1
= mm/Tey. 34 mmTey.
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Table 2. Results of laboratory tests.

A 1 | Hard Tm Load |l Time TWear Fricti SEdE Feed Surface | Tool
code test (HV) conductivity ) || fmim) rate . speed rate (| romghness | Kife
fest () (gl | 6 | (rp) || mirer) || (micron) || e |
5 Do [ R a0 i 177
10 || 00085 0.7 160 185
] | ! 05 g 111
i 15 | 0.0069 0.54 s 1002 {124
BA (baze 5 245 b | 00051 0.43 S0 1.623 51
alloy) 5 | 0.0030 .66 ki1 4412 147
10 0.0 037 16@ il 1067 108
10 15 | 0.0074 0.9 ] ) 14 1
N A o e BENER
5 0.7 .61 ki1 15 174
10 | 0.00=3 053 16d 2 {123
= = 005 =
Ay (A 4 15 0.003 044 EIH] L&l 34
1 .00z 0.3z S0 1356 48
Al 54 240 _ n
184CED) P [oam | 05 | @ | W
) 10 | 0.0073 0.1z 164 3 T8
Composite i1
10 15 || 0005 0.7 113 2136 48
I 0003 0.2 204 1768 46.3
5 0004 040 8 1311 163
10 | 0.0029 04 16d LT e
= = = s
AzjAl- 4 15 |[ 0.0013 0.5 s 11 48
b [ 0.0015 0.23 204 1 iz
Lt 6 180 -
FHCKD) & 00045 04 a0 3 34
. 10 | 0.0043 03 16d 2 T2
Composite i1
10 15 || 0.003 02 15 L7 474
S L N L | L6 ) 42
5 || D.o02= 03 8 1113 117
0.21s [
ll:: ﬂ.{llli- 0.2 lﬂ? 005 1 l' 'l
As(al- 4 15 |[ 0.0015 01 s 093 474
206Mz-16% n 101 20 || 0.0l (] 1] [.456 42
& || 0.0023 0.z 8 15 i3
CED)
o T [
composite 10 | 0.0024 0.14 16d 1l Ly 48
u 15 o0z 0.9 s 11 5
0 ({00013 7 A0d 0.7 414
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Table (3): Results of genetic algorithm for 1X way of crossover.

Next to GA

Population Size 50 Fi [F2 [ [Fe [Fs [fs [ F8 = [0 [r1__ [z <]

1 SA17HER0E THABEONE| SE70GYN GI90727I SUSMAA7EE G4TREN13 7RIZTAT 97739200f 7Ro317AL B2B4BEEI B3GR 84|
2 9EO113% | B7146A74( SES0306EE 98292430 G125141%7 SOOZFPGA BA44B20% BIIBAERE 87146836F BIBE2305: BI0FIEE: 7%
3 B1905047 952850416 TAR92F SMG7400¢ WO6THROT 5I07R08BT GSETITED GRISA2130 BROBSA4GE 7AO4B3EIC 65E204 871
n 4 96920555 93340655 S0RAG55EE 524102300 E7PG3106T 76288808« 9BBEIT0B: G4U6TIBEC BOOMAZI4 B402BMTI 963155031 611
Gene Size 6 5
3
7
8
9

Chromosome Size

JHIBTEA73E BTE37331: 7274740030 GEZ7OGTHE G1S7644d: 733B3600C B1534398; B0G0O9G0E 51025223: BGO3EE18: 7266B7HZ: 01
J9B19141E) BT1360M4E BR9BETE31 GBGB4EE! DAOSAIZEE G0G33202C BO0AG723¢ B0GT1E07: 845470071 .9960B507: 94792306 728
(54553341 BGB4B300 747975280 GBE20B72 B7HTIG20¢ 77832540F B30GEGATL GOBOI2NC 7aT4D436: G03G445T 716843780 B2E
(B4B344745) 2151910 733330068 77142168 962413351 962235361 B1061283; 705E3989( 84453020 G21514440 52888593 T
.T20369577 99263041 78177648 630122514 BG70Z16BE 52426239t 9B747557¢ 79E78013¢ .99076416€ .8867EE30: 733674211 BEZ

Probability of mutation 6%

n 718092322
12 RN

830745728 570159370 597327381 523348547 B1146347: 717303018 88
742047591 BED106220 70122943¢ BO2312175 E1145686: 513790614 E—EEH
13

- 10 30257028 518717676 61830651 99913697 7R6304G5: 72393046F 705638501 70412597 B5TE0E3: 95296426 611908 B3
Probability of of crossover (0404 ——— :
roject

Number of generation 100 L |

Best Chromosome is: 43

Type of crossover 1X -

END 100%

Table (4): Results of genetic algorithm for 2X way of crossover.

Next to GA

Population Size 50 Fl [F2 [F3 [F4 [F5 [Fs [ [F8 [F3 [0 [f1__ [F2 4

Q7I320C F14E5000F 957206306 6399072 GTO44476E B41EE113T 7E1275451 97733202 762912750 628488630 83409863 Sﬂd:l
95561133 571468740 36900066 9182324% E125141%; 50027754¢ G4445203F 33204650 671468360 BI6E2305: E20791%8¢ 672
S1430504; 95205841¢ .79434923: BO4G7400: S367R041 530780881 BOE7I7R0: BGDA219( GEDBA4SE 7a040363° 96062234 871

1
2
3
. 4 9GG20655 BIRM0EG3; O0G4EEGE: S2410290C 6F7SYI0E 74298808 9R9G370RC G4DSTOBEC B04IN4E BA02304T1 S631HOT 611
Gene Size 6 5
5
7
B
3

Chromosome Size

o

FIEIETH SIGTTIRN: TITAMAOT. S5UURII BISTEAML TN 61930 A9NSIE 5IIS2N EA0NEIG: TR 6O
BRI G0N 5615 S9R0346RS EOIBE FONAL SIRNT2 AUGTISOT: SISATSTI SO60GELTT TR T
FTEINT G5OG4A00 7ATITER: SRR0GT2E ATTIN TRRGDSAE GYASORTE ORGINZN7 TATAGASE: SAVMS TIRRAE 6%
BEITA Q4ZIGISIC 7ATI00SEY TIYIAZIBE SRNIG I62295361 IGR12R% 0GRS SM4ARR: SINGIAME SRR TE
THGEYTT SNGA0N: TETIEAG GIV061: SSOZGE GA2523% SRMTIT TO6TONI S307RAIE BG6T6S0 AW 6%
. 10 LI FIETITIE SIGR065N; 999966 TRIMEN 72339045 7OSKIGSUN TOIZSG GISTROSR SR AOIIAE G
Probability of of erossover {940 1 71803232 532 Proiect] BT ATSIEGNN AN ADRMERE G4BT TIA0MIE 6%

B TUTATE ST : AT SRGINGIE 722343 G0N EIN4GEEE: 51T stej
»

o

Probability of mutation 6%

Number of generation 100 ]

Best Chromosomeis: 33

Type of crossover 2X v

‘ g

Table 5. Results of the optimization algorithm represented genetic algorithm for 1X-
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crossover operator compared with the experimental results.

Features Experimental Optimization
resulis Algorithm

. 74 71
F- 101 115
Fa LU e 8 Q0030
F. LU LU
Fs LURTLN B 00018
Fe 00011 0.0018
F- LU s 00025
F- 0.2 4 0.002
Fo LU 0.001s
Fu 0.0013 0007
Fa 0.3 045
Faz 025 .5
Fos 0.1 0.08
Foy 0.0 0.1
Fas 0.2 .28
Fas .14 .15
Fuo 0.05 0.1

- 007 0.15
Fa 2.123 2235
F-o 1.4 1.4
Fa 0.937 1.1
Fa- D456 0.552
Fas 2.5 2.542
F-:., 1.9 2.243
Fas 1.2 1.547
Fas 0.7 0.742
Fa- 117 11=
Fas 51 49
Faq 47.4 46
Fio 42 410
Fan 63 5
Fi- 48 3
Fas 45 30
Fa. 41.4 39
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Table 6. Results of the optimization algorithm represented genetic algorithm for 2X-
crossover operator compared with the experimental results.

Featnres Fxperimmemntal Optimizatiom
results Almoritihvees
- T4 &0
F- 101 141
Fa o.0nxs Q003 E
F. LI L e d OO0
F- o.0nls Lo o Lo el
Fe LGS S .00l
F- o0 s Lo o Lo el
Fs [T Q0022
Fao LI L0 Lo o Lo el
Fua T E el =]
Faa .3 043
Fa=z 0.25 O 45
Fax 0.1 o155
Fous L L] Lo |
Fas 0.z 0.3
= 0.1 o1&
Fa 0.0s o_aa
Fas LI il Q.03
Faa Z.AZ3 247
Fac 1.4 1.77
F - 0.937 1.151
F- 0. 456 O
Faq - a1
Fas 1.9 Z. 438
Fas 1.2 1.519
F:e o7 1022
F-- 117 111
Fa= S1 44
Fao 47T.4 A2
Fic 42 38
Fa» 63 S0
Fia 45 38
Faa 4= 28
Fas 414 37

254



OPTIMIZATION of AI-BASE COMPOSITE USING Haydar A.H. Al-Ethari
GENETIC ALGORITHM Haydar A.H. al- Jubouri
Shahad Ali Hammood

REFERENCES :

Abuiziah I. & Shakarneh N., 2013, A Review of Genetic Algorithm Optimization:
Operations and Applications to Water Pipeline Systems, International Journal of
Mathematical, Computational, Physical and Quantum Engineering, VVol: 7 No:12.

Bandyopadhyay Sanghamitra & Maulik Ujjwal, 2001, Nonparametric Genetic Clustering:
Comparison of Validity Indices, Vol. 31, No. 1, February.

Chakraborty Biman & Chaudhuri Probal, 2003, On The Use of Genetic Algorithm with
Elitism in Robust and Nonparametric Multivariate Analysis, Austrian Journal of
Statistics, Volume 32, Number 1&2, 13-27.

Furdu lulian & Patrut Bogdan, 2006, Genetic Algorithm for Ordered Decision Diagrams
Optimization, Proceedings of ICMI 45, Bacau, Sept.18-20, pp. 437-444.

Hussein Ali Alwan, Haidar A.H. al-Jubouri & Nabil L. Al Saffar, 2013, Optimization to
improve the Physical and Mechanical Properties of the Electric Power Transmission
Wires made from waste using a Genetic Algorithm, VVolume 3 No. 12, December.

Kumar Hemant Bansal & Mahor Devesh, 2014, Behavioral Modeling of Genetic Algorithm
Processor using Model Sim, Volume 4, Issue 1, January.

Mansouri Leila & Rafeh Reza, 2012, Proposing a Model for Predicting Flow Stress of
Aluminium Alloy in Tensile Test, International Journal of Engineering Research and
Applications, Vol. 2, Issue 6, pp.039-042.

Mr. Goyal Sachin, Dr Gupta Roopam & Mr. Bansal Ashish, 2009, Application of Genetic
Algorithm to Optimize Robustness and Fidelity of Watermarked Images (A conceptual
approach), International Journal on Computer Science and Engineering VVol.1(3), 239-242.

Samaher Hussein Ali & Muhannad M. Al-Yasiry, 2005, Soft Computing Techniques to
Extraction Knowledge of Cardiac SPECT Diagnosis, Department of Computer Science,
University of Babylon, Iraq.

Sedighizadeh M. & Rezazadeh A., 2008, Using Genetic Algorithm for Distributed

Generation Allocation to Reduce Losses and Improve Voltage Profile, World Academy of
Science, Engineering and Technology 37.

255



	1
	2

