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Abstract

Spray forming (also known as spray atomization and deposition) is of interest as a manufacturing technique that combines near-net-
shape capabilities with the structural control available through rapid solidification. The present article focuses on development of a
comprehensive method to optimize a number of parameters in the spray deposition processing of Al matrix composites including melt
superheat, nozzle to substrate distance, metal to gas flow rate and high heat removal rate at the droplet—gas interface. The SiC particles
reinforced Al matrix composites were produced by the spray atomization and co-deposition process using optimized parameters.
Microscopic investigations of the composite specimens indicate that the distribution of SiC in the matrix alloy is fairly uniform. The
wear rate and volume loss showed the two stages (run-in and steady state) of wear for all the applied loads. Microstructural analyses of
the wear surfaces and debris were carried out in order to understand the wear mechanism.
© 2012 Elsevier Ltd and Techna Group S.r.l. All rights reserved.
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1. Introduction

The development in optimization theory has seen the
emergence of a category of random search methods for
solving global optimization problems [1-3]. Ant colony and
particle swarm optimization are two paradigms of this kind
of methods which are efficient tools for solving engineering
problems [4—7]. The PSO algorithm was originally proposed
by Kennedy as a simulation of social behavior of bird flock
[8-10]. It can be easily implemented and is computationally
inexpensive, since its memory and CPU speed requirements
are low [11,12]. PSO has been proved to be an efficient
approach for many continuous global optimization problems
and in some cases it does not suffer the difficulties encoun-
tered by GA [13,14]. During the last decade, there has been a
lot of remarkable developments in the field of PSO, particu-
larly in improvements and applications of the algorithm [15].
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Novel computational methods are used in some fields of
engineering sciences, including the solidification and defor-
mation of metal matrix composites (MMCs) in materials
science [16-18]. The widespread use of cast discontinuous
reinforced MMC applications in the industrial sector
replaced most of the ferrous metal with its attractive
physical and mechanical properties [19-24]. The MMC is
noted to weigh less than the ferrous metal and still
provides compatible mechanical properties [25-29]. Even
though, aluminum alloys are promising structural materi-
als due to their high specific strength and stiffness, their
applications are restricted because of their poor wear
resistance [30-36]. Aluminum metal matrix composites
(AMCs) have drawn considerable attention as fuel efficient
advance materials for tribological applications [37-41].
The desirable mechanical properties can be achieved by
varying the reinforcing materials and their volume fraction
in the composite [42—45]. The strength of the composite is
mainly determined by the balance between the reinforcing
particles sharing the load [46—48]. The elastic modulus of
the composite is controlled by the volume percentage of
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the reinforcing material, whereas the ductility, yield stress,
and tensile strength are mainly affected by the matrix alloy
and temper condition.

Many processing techniques have been developed suc-
cessfully to manufacture MMCs (powder metallurgy,
liquid metallurgy, diffusion bonding techniques, infiltra-
tion, squeeze casting, compocasting and spray deposition
techniques) on the commercial scale [23—31]. The most
simplified approach to develop near net shaped aluminum
based composites is by liquid metallurgy route as it is
economical and can result in mass production [22,25].
However, the study of cast aluminum containing particles
Al,O3 and SiC showed settling of particulates in the sand
mold [19]. This problem can be eliminated in spray
forming process. It is a near net-shape processing techni-
que combining atomization and deposition of liquid melt
in single step, whereas the other P/M and ingot metallurgy
routes contain large number of processing steps. Hence,
the spray forming reduces the number of secondary
processes and thus resulting in reduction of the production
cost [20].

In this technique, the melt is atomized by high energy
gas jet to generate spray of micron size droplets which is
subsequently deposited on a stationary or movable sub-
strate to consolidate into a near net shape preform. Rapid
solidification effects inherent in spray deposition provide a
substantial chemical and microstructural homogeneity
together with refinement in grain size and second phase
particle size.

The purpose of this study is to model and optimize the
spray deposition process (melt superheat, nozzle to sub-
strate distance, metal to gas flow rate and high heat
removal rate at the droplet—gas interface) in order to refine
the microstructure of the wear resistant aluminum-SiC
composites and improve the uniformity in distribution of
reinforcement in the matrix. The basic physics involved
are: (1) the fragmentation of a continuous liquid stream
into discrete droplets; (2) multi-phase flow of the gas-
droplet spray cone and non-linear heat transfer; (3) droplet
deposition, splashing and re-deposition; and (4) preform
solidification and microstructure evolution.

2. Particle swarm optimization
2.1. Classical PSO

PSO was first introduced by Kennedy and Eberhart [3-7].
PSO employs a population of particles that fly over the fitness
landscape, of which the swarm dynamics is inspired by the
collective behavior of organisms, such as bird flocking and fish
schooling. Each particle holds a memory of the best position
that it has seen so far and the best position obtained within its
neighborhood. A particle updates its velocity based on its
current velocity and position along with the above two
memorized positions. The modification of the moving orbit

of a particle (particle 7) is described as follows [11,12]:
Vit = wVitar (y—xp)+ e (05— Xj) (1

X =V 2

where ¢; and ¢, are two positive constants, known as the
acceleration coefficients; r; and r, are two uniformly distrib-
uted random numbers on the range (0,1) for the jth dimension
of particle i. Vector p;= (p}1, ph... pip) is the position with the
best fitness found so far for the ith particle, which is called
personal best (ppest) position. And vector Q;=(04, p5... pb)
records the best position discovered by the swarm so far,
known as the global best (gpes) position. x;; vf; and pj; are the
Jjth dimension of vector of xi’, v} and p}, respectively. The
parameter w is the inertia weight used for the balance between
the global and local search abilities.

In the classical PSO model, according to Egs. (1) and (2),
particles share information through the swarm attractor, Q,,
and evoke memories via particle attractors, p; [49—-51]. Based
on Egs. (1) and (2), each particle’s movement can also be
considered as being accelerated by two elastic forces
produced by two attractors, which correspond to the
previous best position found by itself and the previous best
position found by particles in its neighborhood, respectively.
Several versions of the PSO algorithm have been developed
[52-54]. Among them, there are two main models, called
Jrest (global best) and /. (local best), respectively. These
two models differ in the way of defining the neighborhood
for each particle. In the gnec model, the neighborhood of a
particle consists of the particles in the whole swarm, which
share information between each other. On the contrary, in
the lyesc model, the neighborhood of a particle consists of
several fixed particles.

2.2. SRPSO

The proposed selective regenerated particle swarm opti-
mization (SRPSO) aims at improving the original PSO.
Two new features are designed. A suggestion on the setting
of cognition and social parameters, ¢; and ¢, is proposed
to accelerate the convergence. In addition, a selective
particle regeneration mechanism for avoiding the search
trapped in local optima.

As shown in Eq. (1), the new velocity of a particle is
determined based on the best individual position and the
knowledge of the swarm’s best. (P;—x;) represents the
cognitive knowledge and (Q;— x;) corresponds to the social
knowledge. Their relative effect on the new velocity is
determined by the respective weights of parameter ¢; and
¢>. As recommended by Kennedy [11], these two parameters
are typically assigned the same value. As a result, the next
position of a particle is usually the middle of P; and Q,, as
illustrated in Fig. 1. In that case, it may take more iterations
for the particle to move closer to the global best location and
thus affect the efficiency of the search. In order to accelerate
the convergence, it is suggested that a larger value should be
assigned to ¢, with respect to ¢; [14]. Consequently, the new
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Fig. 1. Particle moving behavior when the two parameters are typically
assigned the same value.
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Fig. 2. Particle moving behavior when C1 < C2.

position of a particle will be closer to the global best location,
Q;. The concept is illustrated in Fig. 2. With the suggested
setting, the convergence of particles will be accelerated.

The unbalanced setting of ¢; and ¢, is able to accelerate
convergence, but it also increases the probability that
particles are more easily trapped in local optima. In order
to prevent premature convergence, a novel mechanism
“selective particle regeneration” is designed. The idea is to
select particles that are likely trapped and re-assign their
new positions with certain degrees of randomness as an
attempt to escape from local optimum. It is equivalent to
eliminating those particles that are selected and in the
mean time regenerate the same number of particles with
random positions.

More specifically, there are two major operations in this
mechanism, particle selection and particle regeneration. In
each iteration, a portion of the particles in the swarm with
current positions very close to the global best position are
selected for regeneration since they are more likely to move
around and closer to the current global best particle
and will not further contribute to the search [4-10].
By reposition those particles far away from the global best
particle, they will be able to search new areas and thus
increase the chances to find better solutions. Note that the
current global best particle will not be selected for genera-
tion so that the current best solution is preserved. New
positions of the chosen particles are not determined by
applying Egs. (1) and (2). The assignment of new positions
contains random factors in order for the selected particles
to jump out of local regions. In the mean time, it also
involves knowledge of the swarm for the purpose of
preserving valuable information.

Clustering is a common problem in statistical data
analysis, which can be seen in many fields, including
machine learning, data mining, pattern recognition, image
analysis and bioinformatics. The K-means clustering algo-
rithm was developed by Hartigan which is one of early and
simple clustering approach. It applies partitional technique
to determine the clustering result through iterative hill
climbing. First, users determine the number of cluster
centroids, k. After that, the K-means algorithm classifies
data points into clusters base on the Euclidean distance
calculation. The procedure of the K-means algorithm is
described as follows:

(I) Initiation

(IT) Clustering
(III) Calculation of centroid
(IV) Stop

SRPSO can also be applied to data clustering problems
with the same encoding method as mentioned above. In
addition, a hybrid algorithm that combines K-means and
SRPSO is developed. K-means has the advantage of being a
very efficient local search procedure but its convergence is
extremely sensitive to the chosen initial solution. SRPSO
belongs to the class of global search procedures but requires
much computational effort. The goal of integrating K-means
and SRPSO is to combine their advantages while avoiding
their shortcomings. This hybrid algorithm first executes the
K-means algorithm. The outcome of K-means serves as one
of the particles in the initial solution of SRPSO.

3. Optimized parameters

Experiments were conducted in order to determine the
best parameter values for the proposed algorithm. As
SRPSO is to be applied to clustering problems with high-
dimensional datasets, the dataset Wine, is selected for the
experiments. The main effects function of Minitab is
applied to analyze the interaction effect and calculate
appropriate combination of parameter values. PSO per-
forms well in this dataset with an average value that are
very close to the optimal value and a very small standard
deviation. K-means, however, yields a larger average
values and exhibit large variation between runs. K-means
reaches local optima very quickly but shows no further
movement. As a result, the obtained solutions may not be
of high quality. PSO displays the ability of jumping out of
local optima and moving toward better solutions. Com-
pared to PSO, the three figures clearly show that SRPSO
has similar capability of escaping from local optima, but
finds the same or better values with less numbers of
iterations. It demonstrates that the suggested unbalanced
parameter setting enables SRPSO faster convergence while
the particle regeneration mechanism prevents trapping it in
local optima. KSRPSO, on the other hand, exhibits both
the advantages of K-means and SRPSO. Like K-means,
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KSRPSO leaps to a local optimal value very quickly but it
also shows the ability of improving current best solutions.
Fig. 3 shows the effect of iteration number on the root
mean square (RMS) error of developed model. The numbers
of iteration were selected to be 50,000.

KSRPSO is employed for optimization of parameters in this
study. Spray forming consists of the sequential steps:
(1) atomization of liquid materials to create a droplet spray;
(2) control of the resulting droplet spray in the gas flow field to
achieve a desired droplet mass and enthalpy distribution prior
to deposition; and (3) the deposition of droplets at a surface to
build up a pre-defined perform. Final optimized parameters
are 115 um particulate size, 2 kg weight of the charge, 710 °C
melt temperature, 320 mm nozzle to substrate distance, 10 mm
inner diameter of melt delivery tube, 100 kg cm ~ 2 nitrogen gas
pressure, 1.2 mm injector orifice diameter.

4. Optimized experimental procedure

In this study, SiC particles Al matrix composites were
produced by the spray atomization and co-deposition
process. The chemical composition of Al-Si alloy is given
in Table 1. In brief the process employs an annular spray
nozzle with convergent—divergent configuration. In this
process, the gas melt interaction occurs at the tip of a flow
tube concentric to gas flow channel to promote atomiza-
tion of the melt. The melting of the alloy was carried out
in a graphite crucible in a resistance heating furnace at
750 °C. After cooling the melt to 710 °C, it is poured in the
convergent—divergent nozzle assembly. Before pouring
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high pressure nitrogen gas is allowed to pass through the
divergent section of the nozzle. The aerodynamic forces
exerted by high velocity nitrogen gas jets atomize the
molten metal stream into fine droplets. Injectors are used
to incorporate SiC particles in the spray cone. The droplets
get solidified and build up preform of diameter 150 mm.
For wear testing, the samples were cut from different areas
of the preform. The X-ray diffraction patterns of the
prepared sample was recorded. The collected data were
matched with reference data for identification of different
phases.

Dry sliding wear tests of the reinforced and unreinforced
alloys have been performed under the ambient tempera-
tures between 25 and 30 °C and relative humidity between
25% and 42%, using a pin-on-disc wear and friction
monitor. The cylindrical shaped samples of base Al alloy
and spray formed AI-SiC composite were tested against
the hardened EN32 steel disc having chemical composition
(0.14% C, 0.52% Mn, 0.18% Si, 0.13% Ni, 0.05% Cer,
0.06% Mo, 0.019% P, 0.015% S, and balance Fe) and
hardness 65 HRC. Before testing, each specimen is ultra-
sonically cleaned in acetone. Wear rate has been calculated
by measuring weight loss at different time intervals. The
scanning electron microscope is used for microstructural
examination of specimen, analyzing worn surfaces, and
debris collected during the test.
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Fig. 3. The effect of iteration number on the RMS. Fig. 4. SEM microphotograph of sprayed Al-SiC composites.
Table 1
Chemical composition of Al-Si alloy.
Si Fe Cu Mn Mg Zn Ti Cr Ni Pb Sn
6.91 0.4 0.25 0.2 0.33 0.31 0.02 0.01 0.05 0.1 <0.01
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5. Optimized experimental results

The homogenous distribution of the reinforcement phase is
an essential condition for a composite material to achieve its
superior performance. Particularly in the case of discontinuous
aluminum matrix composites, the homogeneous distribution
of the reinforcing phase is an essential requirement. Fig. 4
shows a typical SEM microphotograph of sprayed Al-SiC
composites. The SiC particles are angular in shape and
distributed homogeneously throughout the Al matrix. The
XRD pattern of the SiC reinforced Al matrix composites is
displayed in Fig. 5. It can be seen that SiC and aluminum are
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Fig. 5. The XRD pattern of the SiC reinforced Al matrix composites.
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present and no other reaction products are formed in the
system.

Tribological properties of aluminum matrix composites is of
great interest. The plastic deformations are unwelcome and
represent the limiting factor for tribological application of
these materials. The wear rate behavior against sliding distance
has been recorded at each load for both base Al alloy and Al/
SiC composites (Fig. 6). Wear rate was found to increase with
increasing the applied loads. Similar findings have been also
reported by previous investigators [20,41]. At every load, the
composite material offers greater resistance to wear than base
Al-Si alloy. The most significant difference in wear rates of the
composites have been found at higher loads. This resistance to
wear is catered by harder particle reinforced in the softer Al-Si
alloy matrix offering more obstacles for the dislocations to
propagate through the matrix. Improvement in the wear
resistance of the composites can be also attributed to the
formation of mechanically mixed layers (MML) consisting of
oxides of iron and aluminum during sliding of composites on
hard steel surfaces. The MML poses a greater resistance to the
sliding wear and friction as it reduces the extent of direct metal
to metal contact. The formation of MML is resulted from the
oxidation of the exposed metal surface in the relative motion.
The rupture of the oxide layer during transversal and
reoxidation of exposed metal surface is called oxidation—
delamination—reoxidation. Moreover, the compaction of the
debris between the sliding surfaces favored the development of
wear protective oxide layer. It is observed that under an
applied load two different type of wear behavior can be
predicted from the curves (run-in and steady state wear rates).
Fluctuating, unstable and greater wear at the initial stage
corresponds to the run-in wear. On the other hand, constant

200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800 3000

Sliding Distance (m)

Wearrate X 10-3mm3/m T

200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800 3000

Sliding Distance (m)

Fig. 6. The wear rate behavior versus sliding distance: (a) base Al alloy and (b) Al/SiC composites.
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Fig. 7. The worn surfaces of Al base alloy at applied loads of: (a) 20 and
(b) SON.

wear rate has been obtained at later stage corresponding
steady state wear. For both reinforced and unreinforced
materials, a steady state is approachable after 1km sliding
distance for all applied loads.

The worn surfaces of Al base alloy (at 20 and 50 N loads)
have been shown in Fig. 7. One of the common features
observed in both lower and higher load, is the formation of
grooves and ridges running parallel to the sliding direction in
both base alloy. These wear scars are the primarily character-
istic of abrasive wear. It has been found that grooves are fine
on the worn surface of Al alloy subjected to 20 N load in
comparison to 50 N load. Fig. 8 shows the worn surfaces of
composite at applied loads of 20, 30 and 50 N. The amount of
repetitive micro-ploughing and material removal of the soft
alloy by hard steel counterpart can be seen in Fig. 8. The
depth of micro-ploughing is increased by increasing load
where contact asperities change the shape. Thus, the size and
depth of the grooves become greater at this stage.

Fig. 8. The worn surfaces of composites at applied loads of: (a) 20, (b) 30
and (c) 50 N.

Debris formation can be seen from the ridge as the crack
propagates perpendicular to the sliding direction in Al alloy.
Fig. 9 displays the worn debris of the base Al alloy and the
composite. Smaller sized wear debris are observed in the
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Fig. 9. The worn debris of: (a) base Al alloy and (b) the composite.

composite as compared to the base Al alloy. It can be further
related to the greater resistance to the seizure and different
wear mechanisms offered by composite material as compared
to base Al alloy. Fig. 10 shows the efficacy of the optimization
scheme by comparing the predicted results with the experi-
mental values. There is a convincing agreement between
experimental values and predicted values for wear rate of
SiC particles reinforced Al matrix composites

6. Conclusion

It is concluded that the novel technique implemented in
this investigation could provide quantitative guidance for
the optimization of the spray forming process in terms of
preform shape, microstructure and overall economic
performance.
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Fig. 10. Comparison between the experimental and predicted values of
Wear rate.

Therefore, this work shows the usefulness of an intelligent
way to predict the performance of Al matrix composites
using selective regenerated particle swarm optimization.
Experimental investigation shows that the wear resistance
offered by spray processed composite is higher than base Al
alloy with incorporation of harder phase which is the result
of good interfacial bonding of SiC particle and matrix phase.
Four different morphological features are observed on the
worn surfaces; metal flow lines, micro-ploughing, propaga-
tion of cracks at the periphery of the crater, and detachment
of debris. Moreover, the mechanically welded layer is also
being observed on the worn surfaces due to the transfer of
counterpart steel disc. It is noted that material is removed in
the form of debris from rubbing surfaces during micro-
ploughing. In the composite most of the material gets
displaced on the sides of grooves due to plastic deformation.
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