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Abstract

A genetic algorithm is a machine learning technique that was inspired by the analogy of biological evolution which generates solutions by
repeatedly mutating and recombining parts of the best currently known solutions. In order to model and optimize the properties of A356 matrix
composites, a finite element method (FEM) with artificial neural network based genetic algorithm (ANN-GA) model was developed. The
tribological and mechanical properties of the aluminum matrix composite were also experimentally investigated. The results verified the accuracy
of the proposed model to find the optimal process conditions in aluminum matrix composite materials.
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1. Introduction

Aluminum alloys are promising structural materials due to
their low density, high thermal conductivity, high specific
strength and stiffness. However, their applications are restricted
because of their poor wear resistance [1-3]. Wear is the process
occurring at the interfaces between interacting bodies and is
usually hidden from investigators by the wearing components
[4-7]. However, this obstacle has been gradually overcome by
scientists, revealing an intricate world of various wear modes
and mechanisms. Since the early wear experiments our
knowledge about wear has increased considerably and a
significant progress in the description of wear mechanisms has
been made. Over the past decades our views and understanding
of wear have changed, including the classification of wear
mechanisms. Concepts such as abrasion, adhesion and fatigue,
originally used in the classification of wear mechanisms, are,
now, insufficient.

Hard reinforcement phases are added to Al matrix in order to
overcome the poor wear resistance and improve their high
specific strength [8-10]. Particulate reinforced aluminum
matrix composites are being considered for their superior
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mechanical and tribological properties over the conventional
aluminum alloys, and therefore, these composites have gained
extensive applications in automotive and aerospace industries.
New materials including composite wear in a specific manner.
Complex reactions and transitions often take place on the
wearing surfaces and our understanding of wear mechanisms
occurring is critical to the effective utilization of these
materials. Characteristics of the matrix material, type, and
volume fraction of reinforcements, as well as testing condition
are some of the influential parameters on the wear resistance of
composites.

A number of research works have been reported on dry
sliding wear behavior of AMC:s reinforced with various ceramic
particulates [11-16]. The wear resistance of the composite was
found to be considerably higher than that of the matrix alloy and
increased with increasing particle content. The hard particles
resist against destruction action of abrasive and protect the
surface, so with increasing its content, the wear resistance
enhances [17-22].

This paper aims to make an understanding of the GA
optimization in process condition, mechanical and tribological
behavior of A356 composite reinforced with coated B4C
particulates readily accessible and relevant to industry, so that it
can be brought to bear on engineering problems. A genetic
algorithm operates on the basis of a population of potential
solutions and it generates, over time, successive solutions by
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repeatedly mutating and recombining parts of the best
currently known solutions. Solutions are ranked according
to a fitness function, and it is the fittest solutions that are
allowed to breed. An ANN is formed by the interconnection of
artificial neurons arranged in layers. The neurons are
connected through links that have an associated connection
weight. The ANN is then trained by a supervised learning
algorithm, either the feedforward or the backpropagation
learning algorithms. The former will compute the final
classification results based on the connection weights
regardless of whether or not the weights are optimal. The
latter learning algorithm will repeatedly modify the connection
weights until an optimum set of weights is found that produces
the highest level of classification accuracy [23-30].

The finite element method (FEM) has undoubtedly become
the most popular and powerful analytical tool for studying the
behaviour of a wide range of engineering and physical
problems. Several general purpose finite element softwares
have been developed, verified and calibrated over the years and
are now available to almost anyone who asks and pays for them.
Furthermore, concepts of FEM are usually offered by all
engineering departments in the form of postgraduate and even
undergraduate courses. One of the important applications of
FEM is the analysis of solidification problems [3,10].

A combined genetic algorithms (GA) and the artificial
neural network (ANN) approach was proposed for this purpose
the geometry and internal parameters of artificial neural
networks (ANNSs) have significant effects on the prediction
performance efficiency of the network. The optimal ANN
geometry is problem-dependent. Although some guidance is
available in the literature for the choice of geometry and
internal parameters, most networks are calibrated using the
trial-and-error approach. This paper presents the use of genetic
algorithms (GAs) to search the optimal geometry and values of
internal parameter of a multilayer feedforward back-propaga-
tion neural network (BPNN).

Unlike most hybrid GA/ANN models which use GAs to
optimize the ANN’s parameters, our model emphasises the
extraction of important features and utilizes the ANN to
compute the fitness function of the GA [30-38].

2. Experimental procedure

The experimental process involved melting the casting Al-
Si alloy in the graphite crucible using an electrical resistance
furnace. Different volume fraction of coated B,4C particles were
added to the melt which was raised to about 750 °C and being
stirred by a graphite impeller. It was then the step cast into the
CO,-sand mould. The tension and Brinell hardness tests were
used to assess the mechanical behavior of the composites. The
tensile specimens were machined from composite rods
according to ASTM.B 557 standard. The Brinell hardness
values of the samples were measured using a ball with 2.5 mm
diameter at a load of 31.25 kg.

The analysis of tribological phenomena requires, by nature,
a multidisciplinary approach combining techniques derived
from contact mechanics, surface physics and material and
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Fig. 1. Schematic diagram of the abrasion wear test.

interface chemistry. As a result, there are no completely
universal solutions to tribological problems. Each new case
requires the very careful analysis of the specific problem under
consideration in order to find the appropriate solution. Sliding is
the most common tribological contact condition.

Sliding wear tests were done under varying applied loads
against case hardened steel disc of hardness 63 HRC. Test
specimens were cut and shaped in the form of pins having 6 mm
in diameter and 25 mm in height. Fig. 1 shows schematic
diagram of the abrasion wear test.

3. Modeling
3.1. The finite element method

The finite element method is a powerful technique for
solving differential or partial differential equations as well as
integral equations. Any problem that can be analyzed by
theoretical method can be conveniently solved by finite element
(FE) method. Some factors, such as complicated geometry,
anisotropy, etc., are difficult for theoretical method to treat, but
are not difficult for FE method. A model-based simulation
process using FEM involves doing a sequence of steps. This
sequence takes two canonical configurations depending on the
environment in which FEM is used. A discrete finite element
model is generated from a variational or weak form of the
mathematical model. This is the discretization step. The FEM
equations are processed by an equation solver, which delivers a
discrete solution (or solutions) [3,10,34]. The finite element
analysis involves a number of steps such as finite-element
discretization, generation of the element equations, assembly of
element equations, imposition of boundary conditions and
solution of assembled equations.

3.2. ANN

A number of fully connected three-layered feedforward
networks are used comprising an input layer and a hidden layer
and an output layer.

The training of networks or teaching the network to predict
the parameters of interest were carried out using a non-linear
neuron activation function referred as the ‘sigmoidal’ (in ANN
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terminology) it is represented by the following function:

g, :%Jr (1 + tanh(x)) (D

For the training problem, the following parameters were found
to give good performance and rapid convergence: 4 input nodes
that two of them obtained from transient temperature (FEM
method) namely cooling rate, temperature gradient, particles
size of B4C and volume percentage of B,C and 4 output neurons
which are porosity, hardness, UTS and weight loss. In order to
find an optimal architecture, different numbers of neuron in the
hidden layer were considered and root mean square (RMS)
error for each network was calculated. For experiments in this
paper, the total error (i.e. error based on the root mean square
between the network output and target), was used as a criterion
for terminating the training session [28-36].
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Where p is the number of patterns, ¢; is the target value and O; is
the actual value.

3.3. GA

3.3.1. Two-point crossover

This operator produces an offspring by crossing the
chromosomes at two randomly chosen points of the two
candidates (parents). The crossover operators make sure that
the offspring carries genes of both parents, and in this work
two-point crossover is applied using probability of unity
[25,29]. In the example Table 1, the two point crossover
operator is applied to two parents selected.

3.3.2. Mutation

The genes of the offspring undergo mutation with low
probability in order to introduce genetic diversity to the
population [36]. The gene that will be mutated is chosen using
random numbers to determine its position in the chromosome.
A mutated offspring is shown below as an example. In the
example Table 2 the location number 4 has become loadable
after applying the mutation operator.

4. Method

In order to decide whether the new set of ANNs can be
included as a new member of the population in the GA, the
objective function is calculated using the appropriate para-
meters to assess the offspring against the existing (current)
population. After the evaluation of an offspring, the optimiser

Table 1
The two point crossover.

Parent 1 I -1 1 1 1 -1 -1 -1 1 1 1
Parent 2 1 1 -1 -1 -1 1 1 1 -1 -1 1
Offspring 1 -1 1 I -1 1 1 -1 1 1 1

Table 2

A mutated offspring.

Number 11 10 9 8 7 6 5 4 3 2 1
Old offspring 1 -r 1 1 -1r 1 1 -1 1 1 1
New offspring 1 -1 1 1 -1 1 1 1 1 1 1

randomly selects a member in the population in order to
compare its objective against the offspring’s. If the offspring’s
objective is closer to the optimum the chromosome of the
offspring replaces the existing member’s in the population
[25,29,36]. Using the random assessment technique, the
population member’s become fitter with evolution but at the
same time the diversity of the population is maintained, which
prevents premature convergence. Fig. 2 shows the flowchart of
combined FEM-GA-ANN model which has been used in this
investigation. The FEM method is used to calculate the
transient temperature, cooling rate and temperature gradient.
The combined FEM-GA-ANN model generates an initial
population of A356 reinforced with coated B4C particles from
the first generation. The fitness F (x) of each of the chromosome
‘x’ in the population is calculated and the offspring from current
population using the three operators namely selection, cross-
over and mutation is created. The current population is replaced
with the new population. This algorithm is repeated to breed
next generation. Finally, the population will move to the
condition which corresponds to the best one.

5. Results and discussion

An increasing amount of porosity is observed with
increasing the volume fraction of composites (Fig. 3) [39-
41]. The hardness of the composites increases with the volume
fraction of particulates in the alloy matrix (Table 3) which is
attributed to the fact that B,C particles act as obstacles to the
motion of dislocation [4,7]. The strength of the composites
increases with the increase in reinforcement content (Table 3)
which is due to grain refinement, the strong multidirectional
stress at the A356/B,4C interface, small particle size and low
degree of porosity [22].

Wear is not a material property; however, it is a complicated
systems response. Thus, It must be considered in terms of a
multiparameter sensitive phenomenon. ‘Rolling wear’, ‘sliding
wear’, ‘fretting wear’ and ‘impact wear’ are the terms often
used in practice and in literature. Sliding wear is related to
asperity-to-asperity contact of the two counter surfaces, which
are in relative motion against each other. Fig. 4 shows the
weight loss as a function of sliding distance. It is noted that the
weight loss of the composites is less than that of unreinforced
alloy, increases with increase in sliding distance, and has a
declining trend with increasing the particles volume fraction. In
general, composites offer superior wear as compared to the
alloy. This result is consistent with the rule that in general,
materials with higher hardness have better wear and abrasive
resistance [42,43].

Sliding wear is used to describe the type of motion which
results in wear; however, it does not describe possible wear
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Fig. 2. Flowchart of combined FEM-GA-ANN model.

mechanisms. ‘Mechanical wear’, ‘chemical wear’ and ‘thermal
wear’ are terms used to describe briefly wear mechanisms
occurring. These descriptions of wear are necessary to
characterize wear briefly; however, they are not sufficient to
introduce wear models for wear rate predictions. It is usual to
classify wear in terms of four different categories (traditional
wear mechanisms): adhesive wear, abrasive wear, fatigue wear
and tribochemical wear. Adhesive wear is characterized by the
appearance of junctions between the surfaces that are subject to
friction. When these junctions are weak, shear occurs at the

interface of the two surfaces and there is no wear. However,
when junctions are strong, the softer material is subject to
shearing and, as a consequence, is transferred onto the harder
material. No predictive theories have been quantitatively
confirmed by experiments for the adhesive wear of ductile
materials.

Abrasive wear occurs when a hard material is put into
contact with a soft material. This type of wear can cause
scratches, wear grooves and lead to material removal. Three-
dimensional wear models of surface scratching by a hard
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Fig. 3. Variations of porosity as a function of B,C content.
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Table 3
Hardness and UTS values versus B4C content.
B4C vol.% 15 12.5 10 7.5 5 2.5 0
Hardness (BHN) 82 79 77 73 71 67 64
UTS (MPa) 261 262 265 250 230 220 190
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Fig. 4. Weight loss as a function of sliding distance (42 pum).

asperity have been proposed and confirmed through quantita-
tive agreements between experimental results and theoretical
predictions [14,15].

The wear volume, V, is given by the following expression:

WL
v=et (i)

where Wis the load, L the sliding distance, « the shape factor
of an asperity and S the degree of wear by abrasive asperity.
Experimentally, « takes a value of about 0.1 and B varies
between 0 and 1.0, depending on the value of the degree of
penetration of an abrasive asperity, the shear strength at the
contact interface and the mechanical properties of the wearing
material.

Surface fatigue wear occurs when a material is subject to
cyclical stresses. Due to strains introduced in the superficial
layers of the material, cracks that are parallel to the surface
develop within the material. When they reach a critical size,
they generate flake-like debris. This phenomenon is also
referred to as delamination wear.

Tribochemical wear is a phenomenon which involves the
growth of a film of reaction products due to chemical
interactions between the surfaces in contact with each other
and the surrounding environment. One of the most common
forms of tribochemical wear is tribooxidation wear. The
increase in temperature due to friction accelerates the growth of
an oxide film which detaches from the surface when it reaches a
certain critical thickness. The debris thus generated can take
part in the wear process or be evacuated from the friction path.

At the initial stage of sliding, the wear is mainly due to
fragmentation of asperities and removal of material due to
cutting and flowing actions of penetrated hard asperities into the
softer surface. Higher amount of stress is expected to act on the
asperities, due to the greater degree of their hardness and
sharpness. Because of the higher stress concentration on these
points, they get plastically deformed and some of the sharpest
asperities get fractured due to combined action of normal and

shear stress. During the sliding, in fact a considerable fraction
of energy is spent on overcoming the frictional force, which
leads to heating of the contact surfaces. Thus, it is expected that
initially the temperature of the contact surface is less and hence
the asperities are expected to be stronger and more rigid. As
time progresses, the frictional heating increases, which leads to
higher temperature and softening of the surface materials. After
a certain period, because of the increase in flowability of the
material on the specimen surface, slipping action is higher
which results in reduction of frictional heating. The more
possibility of adhesion between the counter surfaces leads to
higher degree of friction [14,43].

The developed ANN consists of 4 input nodes namely
cooling rate, temperature gradient, particles size of B,C and
volume percentage of B,C. The 4 neurons in the output layer
represent the 4 output parameters namely porosity, hardness,
UTS and weight loss. The numbers of neurons in hidden layer
are determined by trial and error during training.

The performance of the ANN depends on the network
parameters such as numbers of neurons in the hidden layer,
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Fig. 5. The effect of numbers of neurons in the hidden layer on the network
performance.
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Fig. 6. The effect of a: iteration number, b: learning rate and c: momentum
factor on the RMS.

momentum factor, learning rate, and iteration number [25]. The
effect of numbers of neurons in the hidden layer on the network
performance is shown in Fig. 5. From Fig. 5 it is clear the
optimum number of neurons that gives the minimum error in
the hidden layer is 8 and could be used as a fitness function in
GA. Fig. 6a shows the effect of iteration number on the RMS of

developed ANN. The numbers of iteration were selected from
1000 to 30,000. It is observed from this graph that the optimum
number of iteration is 22,000. The probability of crossover and
probability of mutation were chosen to be 0.75 and 0.07,
respectively. The effects of learning rate and momentum factor
on the performance of the developed ANN are shown in Fig. 6b
and c. As can be seen, the optimum values of learning rate and
momentum factor are 0.65 and 0.4, respectively. Final
optimized A356 reinforced with coated B4C particles process
parameters are given below:
Design variables:

Volume percentage of B,C: 11.32%
Particles size of B4C: 36.2 pum
Cooling rate: 10 C/s

Temperature gradient: 1000 C/m

Objective functions:

Porosity: 3.34%
Hardness: 77.54 (BHN)
UTS: 264.03(MPa)
Weight loss: 2.98(mg)

Therefore, GA gives the optimal process conditions of Al
matrix reinforced with B4C particulates.

6. Conclusion

An evolutionary algorithm based on GAs has been
developed for tribological and mechanical properties of
fabricated A356 composite reinforced with coated B4C
particulates in stir casting. The porosity, hardness, ultimate
tensile strength and weight loss of fabricated A356 composite
reinforced with B4C particulates were experimentally inves-
tigated. The prediction of ANN model was found to be in good
agreement with experimental data. It is observed that FEM-
ANN can be used to accelerate the optimisation process. In
order to get a good accuracy, long training sessions is needed,
which can be justified if this process is automated and does not
require substantial analyst time.
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