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Abstract

This papers describes a search technique to optimize the fabrication process conditions of the high wear resistance Al alloy matrix

composites reinforced with different volume percentages of boron carbide particles. An experimental investigation was then carried out

on the abrasive wear behavior of the composites in terms of abrasive particle size, weight fraction and applied load in pin-on-disc type of

wear machine. Particle swarm optimization suffers from premature convergence problems when applied to high-dimensional problems,

which results in a low optimization precision or even failure. In this study, a self-organizing hierarchical particle swarm optimizer based

on the shrinking strategy is introduced for high dimensional function processing optimization of Al matrix composites in order to avoid

the premature convergence effectively.

& 2013 Elsevier Ltd and Techna Group S.r.l. All rights reserved.
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1. Introduction

There has been an upsurge of using Al alloys in many
automobile, aerospace and mineral processing components
due to their excellent combination of low density, high
thermal conductivity and high strength-to-weight ratio [1–
8]. In recent times, attention is especially being paid to the
use of high strength Al alloys for structural applications in
aerospace and general engineering sectors [9,10]. However,
these materials are of poor weldability. Thus, most of these
materials are joined either by riveting or bolting, and hence
there is a greater possibility of vibration/oscillation in these
regions, which in due course might lead to fretting and
sliding types of wear in dry conditions [11–20]. Aluminum
matrix composites reinforced with hard ceramic particles
have emerged as a potential material, especially for wear
resistant applications such as brake drums, cylinder liners,
pistons, cylinder blocks, connecting rods, etc. [8–10].
Among the reinforcements, such as B4C, SiC, TiC, B,
C and Al2O3, B4C is most widely used due to its low
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cost, wide range of available grades, higher stability and
chemical compatibility with Al matrix [21–28]. Fabrication
of high wear resistance Aluminum matrix composites
reinforced with B4C particles demands the need to opti-
mize the fabrication process conditions and experimentally
examine the dry sling wear behavior of optimized compo-
site systems [29–31].
There has been extensive research attention in function

optimization. In order to solve a wide range of complex opti-
mization problems, a number of machine learning techniques
such as neural networks, evolutionary algorithms, and swarm
intelligence-based algorithms, are developed and applied
successfully [32–35]. This research is mostly focused on
developing algorithms that can locate only a single solution.
However, evolutionary algorithms research has produced a
number of approaches to find multiple solutions. Particle
swarm optimizers (PSO) are optimization algorithms mod-
eled after the social behavior of birds in a flock [36–38]. PSO
is a population based search process where individuals,
referred to as particles, are grouped into a swarm [36]. Each
particle in a swarm represents a candidate solution to the
optimization problem. In a PSO system, each particle is
flown through the multidimensional search space, adjusting
its position in search space according to its own experience
ll rights reserved.
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Table 1

Chemical composition of Aluminum matrix

composites.

Element Wt%

Zn 5.91

Mg 1.61

Fe 0.31

Cu 0.01

Al Balance

Table 2

Chemical composition of B4C.

Total Boron 77.5%

Total Carbon 21.5%

Total Iron 0.2%

Total BþC 98%
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and that of neighboring particles. A particle therefore makes
use of the best position encountered by itself and that of its
neighbors to position itself toward an optimal solution
[39–42]. The effect is that particles ‘‘fly’’ toward a minimum,
while still searching a wide area around the best solution. The
performance of each particle (i.e., the ‘‘closeness’’ of a
particle to the global optimum) is measured using a pre-
defined fitness function which encapsulates the characteristics
of the optimization problem.

Since the publication of PSO in 1995, there has been a
considerable amount of work done in developing the
original version of PSO, through empirical simulations,
integration of its self-adaptation, parameter selecting,
swarm topology and integrating with other intelligent
optimizing methods [40–44]. Proper control of global
exploration and local exploitation is crucial in finding the
optimum solution efficiently. The concept of inertia weight
to the original version of PSO is introduced, in order to
balance the local and global search during the optimization
process. The concept of time-varying acceleration coeffi-
cients is proposed to effectively control the global search
and convergence to the global best solution [34]. The major
consideration of this modification is to avoid premature
convergence in the early stages of the search and to
enhance convergence to the global optimum solution
during the latter stages of the search [41]. In PSO, lack
of diversity of the population, particularly during the latter
stages of the optimization, was understood to be the
dominant factor for the convergence of particles to local
optimum solutions prematurely. Recently, several attempts
on improving the diversity of the population have been
reported [45–47]. A ‘‘mutation’’ operator is introduced to
the particle swarm concept by considering the behavior of
the particles during the search. Under this new strategy,
when the global optimum solution does not improve with
the increasing number of generations, a particle is selected
randomly and then a random perturbation is added to a
randomly selected modulus of the velocity vector of that
particle. It is suggested that for complex multimodal
functions, the control of diversity of the population with
a linearly varying inertia weight may lead the particles to
converge to a local optimum prematurely [48]. On the
other hand, it is shown that the constriction factor method
is ineffective for complex multimodal functions, despite its
ability to converge to stopping criteria at a significantly
faster rate for unimodal functions [37]. Based on these
results, a self-organizing hierarchical particle swarm opti-
mizer is introduced. Under this method, the previous
velocity term is kept constant at zero. The momentum
for the particles to roam through the search space is
maintained by re-initializing particles with random velo-
cities, whenever they stagnate in the search space [48–54].
This method kept the previous velocity term at zero, and
reinitialized the modulus of velocity vector of a particle
with a random velocity when it stagnates in the search
space. Therefore, a series of particle swarm optimizers are
automatically generated inside the main particle swarm
optimizer according to the behavior of the particles in the
search space, until the convergence criteria is met. In view
of this, attempts are made to successfully apply this
method, in order to optimize the fabrication process
conditions of aluminum and AMCs.
2. Experimental procedure

Al alloy matrix composites including various volume
fractions of B4C particles with average particle sizes of 1,
10, 21, 33 and 55 mm were produced by liquid metallurgy
method. The chemical composition of aluminum alloy and
B4C are represented in Tables 1 and 2, respectively. Boron
carbide is an attractive ceramic reinforcement for a range
of application including wear components, mechanical
seals, aerospace parts and cutting tools Further, its density
(2.52 g cm�3) is very close to the Al alloy matrix. However,
in terms of preparing Al–B4C composites, especially with a
high B4C content, the wettability of particles represents a
very important issue, which is poor at temperatures near the
melting point of aluminum (660 1C). Thus, attention was
paid to the fact that B4C powders coated with some
Ti compounds might have reasonable wettability with
aluminum. The sol–gel technique was implemented in order
to coat the B4C particles with TiB2.
The aluminum ingot was placed in a graphite crucible

and heated to above the alloy liquidus temperature using
the resistance furnace. Argon gas was also blown into the
crucible during the operation. After the entire alloy in the
crucible was melted, the impeller was turned on and set to
the pre-determined speed (600 rev/min). Then 5, 10, 15, 20,
25 and 30 vol% B4C particles, which were heated at 400 1C
for 10 min and air-cooled to room temperature (about
25 1C) before incorporation, were added into the uniformly
formed vortex. The molten mixture was step cast into the
CO2–sand mold. Unreinforced Al matrix alloy sample was
also produced by the same method.
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The experimental density of the composites was obtained
by the Archimedian method of weighing small pieces cut
from the composite cylinder first in air and then in water,
while the theoretical density was calculated using the mixture
rule according to the weight fraction of the particles. The
porosities of the produced composites were evaluated from
the difference between the expected and the observed density
of each sample.

A pin-on-disc type of apparatus was employed to evaluate
the wear characteristics of MMCs. A systematic view of the
testing machine is shown in Fig. 1. The specimen surfaces
were ground well prior to initiating the wear tests and
subjected to few runs against the counter surface at slow
speed and low load for establishing intimate contact between
the two matting surfaces. The slider disc was case hardened
steel with 63 HRC to a depth of 3 mm. Test specimens were
cut and shaped in the form of pins having 6 mm diameter
and 25 mm height. The disc surface is regularly and thor-
oughly cleaned by acetone prior to and after wear testing.
The wear pin was cleaned in acetone prior to and after the
wear tests, dried, and after that weighed on a micro-balance
with 0.1 mg sensitiveness.

3. Modeling

Artificial neural networks is a branch of modern infor-
mation technology which is increasingly being applied to
engineering fields in order to solve various complex
problems. Based on the given input and output, a model
can be constructed very easily and trained to predict
process dynamics accurately [36]. All artificial neural net-
works are basically analogous in topological structure.
Some of the neurons interface with the real world to
receive its input, and other neurons provide the real world
with the network’s output. All the rest of the neurons are
hidden from view. The interconnections between neurons
determine the network function, which are not simple [39].
Each input to a neuron has a weight factor of the function
that determines the strength of the interconnection, and
thus the contribution of that interconnection to the
following neurons [42]. ANNs can be trained to perform
a particular function by adjusting the values of these
weight factors between the neurons, either from the
information from outside the network or by the neurons
Fig. 1. Schematic diagram of the abrasion wear test.
themselves in response to the input. This is the key to the
ability of ANNs to achieve learning and memory. The
characteristics of most suitable applications for ANNs
include an available large database, difficulty in finding an
accurate solution to the problem by existing mathematical
approaches and the incomplete, noisy or complex dataset.
However, the limitations of the ANN method are such as
essential close relationship between Training data of the
database with the predicting parameters and necessity of
sufficient training data. In addition, even though well
trained ANNs may contribute to the development of a
mechanistic understanding of the considered problem,
ANNs are purely phenomenological and does not inher-
ently produce a mechanistic understanding of the process
being modeled [44]. FEM was used for discretization.
Fig. 2 shows the flowchart of the combined FEM–PSO–
ANN model which has been used in this investigation. In
order to find an optimal architecture, different numbers of
neurons in the hidden layer were considered and root mean
square (RMS) error for each network was calculated. The
network developed in this study, consists of four input
nodes namely cooling rate, temperature gradient, volume
percentage and average particle size of B4C, and the two
output parameters namely variation of porosity and weight
loss. For experiments in this paper, the total error, was
used as a criterion for terminating the training session. The
numbers of neurons in hidden layer are determined by trial
and error during training. The effect of numbers of
neurons in the hidden layer on the network performance
is shown in Fig. 3. It is clear the optimum number of
neurons that gives the minimum error in the hidden layer is
10, and could be used as a fitness function in modified
particle swarm optimization.
3.1. Optimization

Optimization problems can be broadly categorized into
unimodal and multi-modal problems. Function optimiza-
tion is the process of finding an optimal solution to an
objective function describing a problem [38]. Optimization
can be either a minimization or maximization task. Like
Fig. 2. Flowchart of combined FEM–PSO–ANN model.
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other population based optimization algorithms, PSO has
two phases: initialization and evolution. In the initializa-
tion phase, the population is initialized with uniformly
distributed random particles within their search space [42].
In the evolution phase, particles search for the optima by
updating themselves based on their current and historic
information until termination criteria is met. In the
original PSO with M particles, each particle is represented
as a potential solution to a problem in a D-dimensional
space and its position at the tth iteration is denoted as

Xi ¼ ðxi1
t;xi2

t. . .xiD
tÞ ð1Þ

Each particle remembers its own previous best position
and its velocity along each dimension as

Vi ¼ ðvi1
t; vi2

t. . .viD
tÞ ð2Þ

The velocity and position of particle i at the (tþ1)th
iteration are updated by the following equations:

Vtþ1
i;j ¼wV t

i;jþc1r
t
1i;jðp

t
ij�xt

ijÞþc2r
t
2i;jðQ

t
j�X t

i;jÞ ð3Þ

X tþ1
i;j ¼V tþ1

i;j þX t
i;j ð4Þ

where c1 and c2 are two positive constants, known as the
acceleration coefficients; and r1 and r2 are two uniformly
distributed random numbers in the range (0,1) for the jth
dimension of particle i. Vector pi¼ (pi1

t , pi2
t
y piD

t ) is the
position with the best fitness found so far for the ith
particle, which is called the personal best (pbest) position,
and vector Qi¼ (Q

t
1, pt

2y pt
D) records the best position
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Fig. 3. Effect of numbers of neurons in the hidden layer on the network

performance.

Table 3

Wear loss as a function of sliding distance.

Sliding

distance (m)

Weight loss (mg) for

unreinforced

Weight loss (mg)

for 5%

Weight loss (mg)

for 10%

W

fo

0 0 0 0 0

200 1.01 0.81 0.52 0

400 1.53 1.22 1.23 0

600 1.74 1.62 1.41 0

800 2.13 1.83 1.62 1

1000 2.42 2.11 1.91 1
discovered by the swarm so far, known as the global best
(gbest) position. xi,j

t , vi,j
t and pi,j

t are the jth dimension of
vector of xi

t, vi
t and pi

t, respectively [45–47,48]. The para-
meter w is the inertia weight used for the balance between
the global and local search abilities. Usually, w decreases
linearly with the iteration generations as

w ¼ wmax�t� ðwmax�wminÞ=T ð5Þ

where wmax and wmin are the maximum and minimum
weights, usually set to 0.9 and 0.4, respectively. T is a
predefined maximum number of iterations, and t repre-
sents the number of current iterations [42–47]. Let f be the
objective function to be minimized. The PSO algorithm
can be described by the following pseudocode.
In this paper, a Logistic Chaotic map is employed.

bkþ1
j ¼ mbk

j ð1�b
k
j Þ ð6Þ

Where bj is the jth Chaotic variable in the kth genera-
tion. When m=4, the Logistic function comes into a
thorough chaos state. To further enhance the performance
of the PSO, in this paper a Chaotic and Gaussian local
search based on the ‘‘shrinking’’ strategy is used, expressed
by

X
0g
i ¼ X

g
i ð1�lÞþlbc ð7Þ

where Xi
g0 is a new vector related to particle Xi

g in the gth
generation produced by Chaotic or Gaussian local search,
bc is a Chaotic or Gaussian vector generated by Chaotic or
Gaussian iteration and then mapped into the search space,
and l is the ‘‘shrinking’’ scale, given by

l ¼ 1�
FEs-1

FEs

�
�
�
�

�
�
�
�

m

ð8Þ

Where FEs is the current function evaluation numbers, m

controls the ‘‘shrinking’’ speed and is set to Max_FEs/5.
The maximum allowed local iteration number is set to 100.
If Xi

g0 is better than Xi
g; Xi

g is replaced by Xi
g0 and the local

search iteration stops immediately to save the function
evaluations [43–47].

4. Results and discussion

Abrasive wear occurs when hard particles or asperities
penetrate a softer surface and displace material in the form
of elongated chips and slivers. Wear resistance is not an
eight loss (mg)

r 15%

Weight loss (mg)

for 20%

Weight loss (mg)

for 25%

Weight loss (mg)

for 30%

0 0 0

.43 0.34 0.24 0.19

.72 0.52 0.34 0.25

.93 0.63 0.44 0.35

.11 0.84 0.67 0.52

.32 0.91 0.79 0.67



A.A. Tofigh, M.O. Shabani / Ceramics International 39 (2013) 7483–7490 7487
intrinsic property of a material, but depends upon the
tribological system, such as properties of materials tested,
microstructure and interface, abrasive grit size, test condi-
tion, equipment and environment [9]. Table 3 shows the
wear resistance of the composites and matrix alloy. It is
noted that the weight loss of the composites and the matrix
alloy increases with increasing the sliding distance. In
general, composites offer superior wear resistance as
compared to the alloy irrespective of applied pressure
and sliding speed. This is primarily due to the fact that
the hard dispersoid makes the matrix alloy plastically
constrained and improves the high temperature strength
of the virgin alloy [5]. Additionally, the hard dispersoids,
present on the surface of the composite as protrusions,
protect the matrix from severe contact with the counter
surfaces [7], and thus results in less wear, a lower
coefficient of friction and temperature rise in composites
as compared to those in the alloy [5]. Unreinforced Al
alloy exhibits an extremely high weight loss during abra-
sive sliding, as expected. In the case of composites, the B4C
particles remain intact during wear in order to support the
applied load and act as effective abrasive elements. The
particles protruding from the surface of the composite bear
most of the wear load, and the surface hardness of the
composite is mainly a result of the hardness of the
particles.

Several investigators have reported a critical applied load
above which composites suffer from either equal or higher
wear rate with respect to that of the alloy under similar
tribo conditions. They observed that this is happening due
to fracture, fragmentation and removal of ceramic fiber or
particles which ultimately leads to delaminating type of
wear. Additional drawback of composites with hard rigid
ceramic reinforcements is the tendency of these phases to act
as rigid abrasive particles, which are causing more abrasive
action to the counter surface. Furthermore, liberated rein-
forcing particles as wear debris roll over the contacting
surfaces which creates three body abrasion type situation
Fig. 4. Typical worn surface of the unreinf
and causing more wear on both the contacting surface.
However, the extent of this situation depends on sliding
speed, applied load and frictional heating. In fact, during
sliding wear of metals and alloys, a mechanically mixed
layer (MML) is formed over the specimen surface, which
strongly dictates the wear behavior of the materials. It is
believed that these layers are formed due to formation of
wear debris, transfer of materials from the counter surfaces,
mixing and compaction of these materials on the contact
surfaces under applied load and higher frictional heating.
The unreinforced matrix alloy was much softer than the

slider, therefore the slider penetrate and cut deeply into the
surface, which causes extensive plastic deformation of the
surface and consequently a great amount of material loss.
A typical SEM micrograph of the worn surfaces of the
Al alloy is shown in Fig. 4(a). The worn surface of the
unreinforced Al matrix alloy was characterized by extensive
plastic deformation and obvious evidence of plowing,
cutting and smearing. Mainly, a three-body rolling wear
mechanism characterized bymultiple indentations and very
short plowing or cutting grooves was seen. For the investi-
gated composites, the most important feature is the presence
of B4C particles, the hardness of which is much higher than
that of the matrix alloy. The typical worn surface of the
composites is shown in Fig. 4(b). The B4C particles strengthen
the aluminum matrix and protect the softer matrix during
abrasive wear. The worn surfaces of the composites were
somewhat analogous to that of the unreinforced matrix alloy
and were characterized by mainly plastic deformation, with
some plowing and cutting effects.
Irrespective of attempts to optimize the fabrication

parameters, there exist some defects including porosity,
which is very difficult to overcome in cast composites.
The variation of porosity with the B4C content is shown in

Table 4. Increasing amount of porosity is observed with
increasing the volume fraction. The porosity is normal,
because of the long particle feeding duration and the increase
in surface area in contact with air caused by increasing the
orced Al alloy (a) and composites (b).



Table 4

Variations of porosity of the composites.

Volume

% B4C

Volume %

porosity

(55 mm)

Volume %

porosity

(33 mm)

Volume %

porosity

(21 mm)

Volume %

porosity

(10 mm)

Volume %

porosity

(1 mm)

0 0.7 0.7 0.7 0.7 0.7

5 1 1.2 1.5 1.8 2.3

10 1.3 1.5 1.9 2.2 2.7

15 1.7 2 2.3 2.6 3.1

20 2 2.3 2.7 3 3.5

25 2.3 2.7 3.1 3.4 3.9

30 2.7 3.1 3.5 3.8 4.1

0

2

4

6

8

10

0

R
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S

Numbers Of Iteration
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Fig. 5. Effect of iteration number on the RMS.
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particle content. This trend is also reported by the early works
[9]. It is shown that for the fixed B4C particles content, the
porosity of composite samples decrease with the coating of
B4C particles. This is attributed to porosity associated with the
particle clusters and hindered liquid metal flow.

5. Modeling results

With the ‘‘shrinking’’ strategy, the local search space is
decreased linearly throughout the run process around the
optimum obtained so far. Combining PSO with Chaotic
and Gaussian local searches, a new PSO algorithm can be
constructed. Considering the effectiveness, only the global
best particle from the whole swarm carries out the Chaotic
or Gaussian local search in every generation. The proce-
dure of new PSO is:

Step 1. Initialization.
Step 2. Initialize the population size PopSize, inertia
weight w, acceleration factors c1 and c2, as well as
maximum allowed function evaluations Max_FEs.
Step 3. Initialize all particles Xi

0 and Vi
0.

Step 4. Evaluate Xi over all particles.
Step 5. Identify the pbest for each particle and gbest for all
particles.
Step 6. Iteration.
Step 7. Update the velocity Vi

g according to Eq. (3).
Step 8. Update the position Xi

g according to Eq. (4).
Step 9. Update the pbest and gbest.
Step 10. Implement Chaotic or Gaussian local search
with the ‘‘shrinking’’ strategy on the gbest particle.
Step 11. If the stopping criterion is met, output the best
solution gbest found so far. Otherwise, jump to Step 6.

Final optimized Al matrix composites process para-
meters are 19.24 vol% of B4C, 2.13 vol% of porosity and
0.97 mg weight loss. Therefore, PSO gives the optimal
process conditions of Al matrix reinforced with B4C
particulates. In this new proposed PSO, better optimiza-
tion results are achieved and compared to those of general
PSO by splitting the cognitive component of the general
PSO into two different components. The first component
can be called good experience component. This means the
bird has a memory about its previously visited best
position. This is similar to the general PSO method. The
second component is given the name bad experience
component. The bad experience component helps the
particle to remember its previously visited worst positions.
To calculate the new velocity, the bad experiences of the
particles are also taken into consideration. In the early run
phase, Chaotic local search is employed to explore a large
search space to avoid premature convergence, and in the
late run phase, Gaussian local search is used to exploit a
small search space around the optimum to further refine
the outputs. The effectiveness of the Chaotic and Gaussian
local search on improving the standard PSO was demon-
strated using a fair comparison over 13 scalable bench-
mark functions. The acceleration factors c1 and c2 were set
at 1.5 and population size was set at 125. When the current
function evaluation reached 80% of the maximum FEs,
the Chaos local search strategy was switched to the
Gaussian local search strategy. RMS error is used to
evaluate the forecasting accuracy; Fig. 5 shows the effect
of iteration number on the RMS of developed model.

6. Conclusion

In this paper, a novel search technique is successfully used
to optimize the fabrication process conditions of the high wear
resistance Al alloy matrix composites, which combine Chaotic
and Gaussian local searches based on the shrinking strategy.
A series of particle swarm optimizers are automatically
generated inside the main particle swarm optimizer according
to the behavior of the particles in the search space, until the
convergence criteria is met. It is concluded that this technique
helps to avoid premature convergence problems, and thus can
be applied to high-dimensional problems. Experimental inves-
tigation shows that the wear resistance of the alloy is improved
significantly due to particle addition. The composite exhibited
a lower wear rate than that of the matrix alloy. Further, the
wear rate of composite decreased with increase in B4C con-
centration. The surface roughness of the composites decreases
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with increasing B4C particle size. Since the particle–matrix
interfacial area was larger in the case of a small particle size the
chance for the small particles of B4C to escape from the matrix
alloy increases. Large particles of B4C are expected to remain
inside the surface for a long time until they wear out and break
down into smaller particles; consequently, the composites with
large B4C particle size show a better wear resistance during
abrasive wear.
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