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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 ((A; (Al-
2%Mg-2%CKD), A, (Al-2%Mg-8%CKD) & A; (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.
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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 basic 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
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of the sum of within-cluster scatter to between-cluster
separation [Kumar., 2014 & Mr. Goyal, 2009]. The scatter
within the ith cluster, is computed as:
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and the distance between cluster Ci and Cj is defined as:
dij t = ||Zi — Zj||t 1-2)

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 the
Minkowski distance of order t between the centroids zi and
zj that characterize clusters Ci and Cj. Subsequently, the
study will compute.
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The Davies—Bouldin DB index is then defined as:
1 4 .
DB = K Z!\:l Ri, qt (1-4)

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].

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.

2.3. Implementation

The genetic operators are used in the genetic algorithm
optimization procedure according to the flowchat given in Fig. 2. It
iIs 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 (As3) alloy properties.

2. The optimal alloy by using two point crossover operator is
alloy (33) which means it gives the best properties similar
to (As3) 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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Fig.(1): The representation of chromosome.
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Table 1. Features of tests results.

Thermal conductivity value at temperature

F Vickers hardness value at load 200g. F 100 %

F; Wear rate at load 4N for Smin. Fs Wear rate at load 4N for 10 min.

Fs Wear rate at load 4N for 15 min. Fs Wear rate at load 4N for 20 min.

F Wear rate at load 10 N for 5 min. Fs Wear rate at load 10 N for 10 min.

Fo Wear rate at load 10 N for 15 min. Fio || Wear rate at load 10 N for 20 min.

Fii [ Friction coefficient at 4N for 5 mm. Fio [ Friction coefficient at 4N for 10 mm.

[ Fi3 | Friction coefficient at 4N for 13mm Fis | Friction coefficient at 4N for 20mm.

Fis Friction coefficient at 10N for Smmn Fis [ Friction coefficient at 10N for 10 mm

Fi7 || Friction coefficient at 10N for 15 min. Fig || Friction coefficient at 10N for 20 min

E Surface roughness at speed 80 rpm, Fa Surface roughness at speed 160 rpm, feed
i feed rate 0.05 m/rev. | rate 0.05 mirev.

Fx Surface roughness at speed 315 rpm, Fan Surface roughness at speed 500 rpm, feed
= feed rate 0.05 m/rev. “ | rate 0.05 mrev.

Fa Surface roughness at speed 80 rpm, Fx Surface roughness at speed 160 rpm, feed
= feed rate 0.1 m/rev. * llrate 0.1 mirev.

Fa Surface roughness at speed 315rpm, Fx Surface roughness at speed 500 rpm, feed
¥ feed rate 0.1 m/rev. % | rate 0.1 mirev.

Far Tool Iife at speed 80 rpm, feed rate 0.05 Fx Tool Iife at speed 160 rpm, feed rate 0.05
[ mmirev. ® | mmrev.

Fa Tool life at speed 315 rpm, feed rate E Tool life at speed 500 rpm, feed rate 0.05
® 0.05 mm/rev. | mmirev.

E Tool life at speed 80 rpm, feed rate 0.1 Far Tool Iife at speed 160 rpm, feed rate 0.1
i mm/rev. z mm/rev.

F Tool Iife at speed 313 rpm, feed rate0.] F ool life at rpm, feed rate 0.
# mm/rev. * mm'rev.




Table 2. Results of laboratory tests.

B 009 0.77 80| 1 1M
10 |[0.0085 0.7 160 | ot 295 1l |

¢ |[ 15 J[oo0e0) 05 a3 1902 102

245 20 |[0.001][ 0.48 300 1623 51
5 |[0.0099] 0.66 30 4412 147

10 || 0.009 037 160 o1 2967 108

10 |15 |[0.0074][ 029 a3 24 [
T rome] o T | [T 21| s ]

s | 0.007 0.61 80 a3 174
10 o.ofs? 0.58 160_|] - 2 102 |

4 15 ][ 0.003 0.44 a1 151 84
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10 |[00073| 0.2 160 3 7S
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4 |15 |[o0018][ o035 313 048 12 [

150 20 |[0.0015][ 0.8 300 1 4
5 |[0.0043 0.4 30 3 34

10 |[0.0043 03 160 | 01 2 n

10 |15 |[ 0.003 02 a3 17 74
e o s | 0% | 2 |

5 || 0.0025 03 80 | 2123 117

10 || 0.002 0.25 160 ] oo 14 51

4 |15 |[0.0018 01 a1 0937 74

- 20 |[0.0011][ 0.09 300 0.436 12
5 |[0.0028 02 30 25 63
10 |[o0024| 014 160 | o1 19 B |

10 [M15 |[0.002 0.08 315 12 [5

20 J[o.0013] 007 300 0.7 414




Table (3): Results of genetic algorithm for 1X way of crossover.
ATz o Jn I T Jn _Jo 8 Jw Jm Jis

Next to GA
94179320¢ 71465000¢ 95720830F 63390727 579444766 G416ET13; 781275451 97739220F 762912750 6284B863L 83409863 904

Chromosome Size .95951133¢ 571468740 .96933066¢ 91829243; 612514137 50027754 64445209 63328465¢ 87146836F B3662305¢ 62079155¢ 67%

Population Size

814306047 95285841¢ 79494323 594574004 936758041 530780881 855737507 65354219( .660B5445¢ 78048863¢ 965622847 871
.96920555¢ 83840659; 905455581 52410230( 67753106¢ .78288808¢ 98863708¢ 643679865 .80043214F 540283471 963155031 611
81616973t B1637391¢ 72747403 852785736 619764447 .73383685¢ 615343987 89339950¢ 51025223; 65038618¢ 726657927 601
.89619141¢ 69136014 563861531 .98608466¢ .55098336¢ 50933292¢ .83389729¢ .80511507: 845479071 .99608507: 94792306¢ .72€

Gene Size

Probability of mutati - S5455341 959548300 74797528¢ 9BG20G726 BTOTIS20 TIRA2GA0E GARTERTE SRS 7BTASASE: SO0GBMS: TGRSV 2%
robability of mutation 6% BIGIM7A SUZ1511C TIB33096° 77314218¢ 982413351 962235361 1961283 705693830 BAS2B B2ISAALE 30868503 T
TG ST 7617764 S0N2051L BSOZIGE: S242623% SGTATESTL T9TNI %07B416E BGTERS0: T3ET4N 6z

= S25T0RE SIGNITETE SIESUESTi SSS1S6GTE TOSIUES. 726K TUSEOESUI TONIZSGTL BOSTRORD: CHcpseans SOZIISuek g3t
Probability of of crossover |940 : e 2 =

71809232 .
91411417;

Number of generation
g 100 Best Chromosome is : 43

Type of crossover

3¢ .89074572¢ 57515937C 597327381 523346547 61146947: 717309415 882
742847591 .86510622¢ 75122349 80291217¢ 61145666 51379561¢ 66E v
2

Projectl

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

Next to GA

Population Size 50 fl B [Fa [F4 [F5 B G B I |G G G

SATTSG20: TIAGBO00E 57206306 G307, STNNITER GHTGBN13: TeN2Tods STz Th2aNzi Gadgenal GaA0sEed 90|

Chromosome Size |34 9BO5TI33 5TI4G8TAL 960066 91829248 1514197 O027T5S BA4450% 34656 8TI4BR3E 6IB62305¢ B0TIGHL 67
814305047 952858416 79404923 5O457400¢ 3675041 530760881 G5ETITEDS 5354219 B6G5A5E 790488696 965622842 71

'67 9B920555¢ 8364085%; 0545558 524102300 67753106 .76289808¢ SB6708¢ B4367986¢ BODA214E 50283471 363165031 611

Gene Size S1G16973¢ 1637391 72747403 5270573 19764447 733036050 15343987 89339960 51025223 GGU30618L 726657923 601

[89619141¢ 691360148 569861531 .98608466¢ 55098336¢ .50933292¢ .89389729¢ 80511507 845479071 .99608507: 94792306¢ .72¢
Iﬁ“/i 854553341 859548300 .74797526¢ 966208726 87971520¢ .77832540¢ .63385587¢ 50633121% 78745436, 59038445¢ .71684378: .82%
0

Probability of mutation SUGI4474S. BANTIFNC TN T7NGE 382413351 6220591 91961283 70569983 BA4A2B: S2NSIAME 8005 T

TAGBYET SG6O041e T617T6AG BS0I2251¢ GSTO2I6RE S42623% SATATSSP: T9TBONEK SATBAIGE BG6TER: TN 6%

- S257028 SI8TITETE G13065T; SSGN967E 7B6I0465 T2933446¢ TOSGRS01 TO41ZSGT( RASTHORGK BSA%642 6OZING0RE 8%

Probability of of crossover |949; 71803232 563628 Project! 930745726 575153070 5977381 5236541 B1N4GT: TITHIE g6z
ST ) TA2B47531 65106226 75122943 SO2SN217E 61145666: S1379861¢ e_selj

»

Number of generation 100
Best Chromosome is : 33

Type of crossover




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

Bl
F-
F- 101 115
Fs 0.0025 0.0030
F. 0.002 0.004
Fs 0.0015 0.0016
Fe 0.0011 0.0018
F- 0.0028 0.0025
F= 0.0024 0.002
Fo 0.002 0.0019
Fao 0.0013 0.007
F= 03 0.46
Fa- 25 0.5
Fos 0.1 0.08
Fu. 0.09 0.1
Fas 0.2 028
Fas 0.14 0.15
e 0.08 0.1
Fae 0.07 0.15
Fao 2.123 2235
F-o 1.4 1.4
Fa 0.937 1.1
Fa- 0.456 0.552
Fas 2.5 2.542
F-., 1.9 2243
Fas 1.2 1.647
Fe 0.7 0.742
Fa-- 117 115
Fas 51 49
Fxo 47.4 46
Fio 42 40
Fau 63 58
Fa- 48 39
Fis 45 30
Fi. 41.4 39

12




Table 6. Results of the optimization algorithm represented genetic
algorithm for 2X-crossover operator compared with the
experimental results.
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