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Abstract: An optimisation model for small datasets was applied to thixocasted/compocasted compos-
ites and hybrid composites with hypereutectic Al-18Si base alloys. Composites were produced with
the addition of Al2O3 (36 µm/25 nm) or SiC (40 µm) particles. Based on the design of experiment,
tribological tests were performed on the tribometer with block-on-disc contact geometry for normal
loads of 100 and 200 N, a sliding speed of 0.5 m/s, and a sliding distance of 1000 m. For the prediction
of the tribological behaviour of composites, artificial neural networks (ANNs) were used. Three
inputs were considered for ANN training: type of reinforcement (base alloy, Al2O3 and SiC), amount
of Al2O3 nano-reinforcement (0 and 0.5 wt.%), and load (100 and 200 N). Various ANNs were applied,
and the best ANN for wear rate (WR), with an overall regression coefficient of 0.99484, was a network
with architecture 3-15-1 and a logsig (logarithmic sigmoid) transfer function. For coefficient of friction
(CoF), the best ANN was the one with architecture 3-6-1 and a tansig (hyperbolic tangent sigmoid)
transfer function and had an overall regression coefficient of 0.93096. To investigate the potential of
ANN for the prediction of two outputs simultaneously, an ANN was trained, and the best results
were from network 3-5-2 with a logsig transfer function and overall regression coefficient of 0.99776,
but the predicted values for CoF in this case did not show good correlation with experimental results.
After the selection of the best ANNs, the Taguchi grey multi-response optimisation of WR and CoF
was performed for the same combination of factors as the ANNs. For optimal WR and CoF, the com-
bination of factors was as follows: composite with 3 wt.% Al2O3 micro-reinforcement, 0.5 wt.% Al2O3

nano-reinforcement, and a load of 100 N. The results show that developed ANN, the Taguchi method,
and the Taguchi grey method can, with high reliability, be used for the optimisation of wear rate
and coefficient of friction of hypereutectic Al-Si composites. Microstructural investigations of worn
surfaces were performed, and the wear mechanism for all tested materials was light abrasion and
adhesion. The findings from this research can contribute to the future development of hypereutectic
Al-Si composites.

Keywords: hypereutectic Al-Si; composites; friction; wear; optimisation; Taguchi grey; ANN

1. Introduction

The automotive industry and other industries are in constant expansion, and thus
there is a constant tendency to reduce exhaust greenhouse gases. The most commonly
used lightweight material is aluminium and its alloys due to its characteristics, such as low
density (a third of the density of steel), corrosion resistance (aluminium with oxygen forms
a very thin film of aluminium oxide, which prevents further oxidation), high electrical and
thermal conductivity, paramagnetic properties, and easy machining. In addition, highly
reflective surfaces can be achieved, which can be used both decoratively and functionally [1].
Aluminium silicon alloys (Al-Si alloys) are widely used and there are three types of these
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alloys depending on the weight percentage (wt.%) of Si. Alloys with Si under 12 wt.% are
hypoeutectic alloys, the ones with around 12 wt.% are eutectic alloys, and the ones above
13 wt.% (more precisely 12.6) are hypereutectic Al-Si alloys [2].

Hypereutectic Al-Si composites provide a combination of lightweight properties inher-
ent to aluminium and the favourable mechanical properties of silicon-rich materials. Some
hypereutectic Al-Si alloy properties are low thermal expansion coefficient, good weldability,
high wear resistance, and high-temperature strength, which are due to primary Si presence
in the aluminium base [3,4]. With the application of different reinforcing materials, it is
possible to improve the performance characteristics of composites with a hypereutectic
Al-Si matrix for various engineering applications. Miladinović et al. [4] have reviewed
reinforcements and fabrication methods and their influence on microstructure, and the
mechanical and tribological properties of hypereutectic Al-Si alloys and their composites.
Among others, semi-solid processes like rheocasting and thixocasting are relatively new.
Thixocasting transforms the initial dendritic structure into a rounded, more homogeneous
structure, improving the overall properties of the alloy [5]. Thixocasted materials have good
mechanical properties, and fewer defects like porosity, macro segregation, and shrinkage,
but this process has a high cost because the residual materials are not recyclable. A lot
of researchers are working on overcoming these problems [6]. Birol [7] investigated the
A390 alloy (17 wt.% Si) produced by thixocasting. Thixocasted samples had a uniform
distribution of Si particles and no porosity. Hardness was higher for thixocasted samples
compared to die-casted ones, and T5 and T6 heat treatments further improved hardness.
The influence of heat treatment on hypereutectic alloys produced by conventional casting
was investigated in [8–11], while other researchers compared different production pro-
cesses for hypereutectic Al-Si alloys [12–15]. Investigating the tribological characteristics of
samples with and without T6 heat treatment, it was concluded that the wear of T6 samples
increases by approximately 14% compared to the hypereutectic Al-Si alloy without heat
treatment. Nano-size ceramics of Al2O3 are successfully used for aluminium composites
due to their proven influence on wear resistance and high-temperature properties without
the formation of intermetallic phases [16–19]. Stojanović et al. [20] used small amounts
of reinforcement particles of 0.2, 0.3, and 0.5 wt.% Al2O3 in the A356 aluminium alloy
matrix to develop a nanocomposite with appropriate wear resistance. By employing a low
percentage of reinforcement amounts, they also examined the influence of Al2O3 particle
sizes, specifically 30 and 100 nm. They concluded that when the reinforcement content is
below 0.5 wt.% Al2O3, there is no improvement in the tribological characteristics. It was
also observed that with the application of reinforcement particles of nano/micro Al2O3
and SiC, the wear rate increases [21–23].

An ANN prediction of mechanical and tribological properties of aluminium alloy (AA
1100) reinforced with 6 wt.% particles of rice husk ash (RHA), bagasse ash (BA), coconut
shell ash (CSA), ZnO, and eggshell, and fabricated by the liquid metallurgy technique was
conducted by Nagaraj and Gopalakrishnan [24]. The output parameters were wear and
coefficient of friction. Experiments were conducted at different normal loads, sliding speeds,
and sliding times. It was concluded that ANN can be successfully used for the prediction
with 94% accuracy. A lot of researchers combine ANNs with other optimisation methods,
like Taguchi, Taguchi grey, PSO (particle swarm optimisation), RSM (response surface
methodology), and others. Karabulut and Karakoç [25] applied Taguchi method and ANN
for the optimisation of the machining parameters of Al7075 and open-cell SiC composite.
The observed output parameter was surface roughness. After training the ANN and
conducting a regression analysis, a good correlation between predicted and experimental
values was achieved. The application of the Taguchi and ANN methods was successful in
the research conducted by Ekka et al. [26]. They used nano-reinforcements of SiC and Al2O3
(0.5, 1 and 1.5 wt.%) in an aluminium-based composite. It was found that composites with
0.5 wt.% SiC or Al2O3 resulted in minimal wear. Additionally, they determined that the
developed ANN model and regression model can be used for predicting the wear rate with
high reliability. Ajith Arul Daniel et al. [27] applied ANNs and the Taguchi grey method for
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the multi-response prediction and optimisation of control factors in the milling of Al5059
with SiC (5, 10 and 15 wt.%) and MoS2 (2 wt.%) hybrid metal matrix composites. The study
concludes that the developed ANN model showed better performance than the regression
model. With grey relational analysis, the optimal combination of influential factors was
obtained [27]. Hussain et al. [28] employed Taguchi grey relational analysis to optimise the
powder metallurgy factors affecting mass density and hardness in Cu-based composites
with Al2O3 particles. With confirmation tests, the effectiveness of grey-based Taguchi
optimisation was proven, emphasising the simplified process optimisation it offers through
Monte Carlo simulated models and orthogonal array designs. Dey et al. [29] employed
Taguchi grey relational analysis to evaluate the tribological behaviour of Al2024 alloy with
TiB2 composites. Based on the grey-Taguchi approach, the optimal factor combination was
determined and confirmed through confirmation experiments, demonstrating the efficiency
of the grey-Taguchi method in optimising the tribological behaviour of composites.

This paper applies the design of experiment (DOE) technique for tribological tests
and the optimisation of influential factors on the wear and friction of hypereutectic Al-Si
composites. An ANN was developed for the prediction of the wear rate and coefficient
of friction with the application of the Levenberg–Marquardt backpropagation algorithm
for its training. The ANN’s predicted values were compared with experimental results
and Taguchi prediction. Percentage influence was determined with the use of the ANOVA
method. Multi-response optimisation was applied via the Taguchi grey method to obtain
the best combination of factors for both wear rate and coefficient of friction. This paper
aims to develop ANN and Taguchi models for small data sets and to observe which one of
these methods is more suitable for the prediction of tribological behaviour of hypereutectic
Al-Si composites.

2. Materials and Methods

The majority of investigations, based on a literature review [4], were conducted for
hypereutectic Al-Si alloys (fabrication methods, heat treatment, and the addition of alloying
elements). Only recently have there been more intensive investigations regarding com-
posites with a hypereutectic Al-Si alloy matrix. The most commonly used reinforcement
materials for pistons are Al2O3 and SiC [30]. The application of micro-reinforcements of
SiC and Al2O3 in an aluminium matrix influenced the improvement of the wear resis-
tance. With an increase in the amount of SiC and Al2O3 in aluminium composites, wear
resistance, hardness, and tensile strength increase; additionally, density and porosity also
increase [22,23,31–33]. The 3 wt.% of SiC and 3 wt.% Al2O3 were selected to enhance
the specific properties (such as hardness and wear resistance) and maintain the overall
integrity and workability of the composite material, which allows the optimisation of mul-
tiple properties without significantly compromising the others. An improvement in wear
resistance has been recorded with the addition of 0.5 wt.% Al2O3 nano-reinforcements, as
well as 0.5 wt.% SiC nano-reinforcements in the A356 alloy [20,34] and hypereutectic Al-Si
alloy. Consequently, 0.5 wt.% Al2O3 nano-reinforcement was selected for the formation of
hybrid composites. The materials for this study were fabricated at the Institute of Nuclear
Sciences “Vinca” by semisolid route of the thixocasting/compocasting process. Composite
materials were obtained with the combination of matrix alloy Al-18Si and 3 wt.% Al2O3 or
SiC micro-reinforcement. Hybrid composites were obtained with the matrix alloy Al-18Si,
0.5 wt.% Al2O3 nano-reinforcement, and the addition of 3 wt.% Al2O3 or SiC micro-size
particles. The average size of Al2O3 nanoparticles was 25 nm, while the sizes of Al2O3 and
SiC microparticles were approximately 36 and 40 µm, respectively. The microstructures of
the produced materials are presented in Figure 1.
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Figure 1. Microstructures of produced composites: (a) matrix material Al-18Si and (b) composite
with 0.5 wt.% Al2O3 (25 nm) and 3 wt.% Al2O3 (36 µm).

In the matrix alloy, bigger primary Si particles, eutectic Si particles, and intermetallic
phases are present (Figure 1a). Matrix alloys with primary Si particles of a larger size can
be noticed in microstructural images of hypereutectic Al-Si alloys [35–38]. The primary
Si particles in composite with 0.5 wt.% Al2O3 (25 nm) and 3 wt.% Al2O3 (36 µm), shown
in Figure 1b, were refined, but the Al2O3 agglomerates can be noticed. Refinement of
primary Si with the addition of Al2O3 [37,38] or the addition of Al2O3/TiO2 nanoparticles
in hypereutectic Al-Si alloy was observed in the research conducted by Mahallawi et al. [39].
An agglomeration of Al2O3 nanoparticles was also reported in [37,40]. The needle-like
intermetallic phases present in the microstructures of both matrix alloy and composite are β-
Al5FeSi which are also noticed in the literature [36,41–43]. Irregularly shaped light-coloured
phases contain Al-Ni-Cu-(Fe). According to [44], the Al-Ni-Cu-Fe phase is the δ-AlCuNi
(Al3(CuNi)2) phase, while the irregularly shaped Al-Ni-Cu phase is the γ-AlCuNi phase
(Al7Cu4Ni), which is presented as the brightest phase with very small dimensions.

The experimental procedure consisted of tribological tests and microscopical obser-
vations of worn surfaces. Composites were machined to appropriate dimensions. Speci-
mens were tested on a block-on-disc tribometer according to the ASTM G77 standard. A
schematic of the contact pair (nominal line contact) is given in Figure 2. The counter-body
was disc made of quenched and tempered steel EN 42CrMo4 with a diameter of 55 mm
and hardness of 51–54 HRC. The contact surfaces of the block and disc for the tribological
test had a roughness of approximately Ra = 0.4 µm. Tribological tests were performed in
lubricated conditions with motor oil, SAE 5W-30, with a viscosity of 68 mm2/s at 40 ◦C and
11.5 mm2/s at 100 ◦C, and a density of 0.848 g/cm3 at 15 ◦C. The pistons in the engines
work on approximately 8 MPa pressure [45,46], so a normal load of 100 N which corre-
sponds to that pressure was selected, as well as 200 N, since some pistons work at higher
pressures. The duration of tests was 2000 s, i.e., the sliding distance was 1000 m. The tests
were performed in ambient air at room temperature, and oil temperature did not exceed
40 ◦C. The disc was immersed in an oil container, and, with its rotation, the oil was brought
into contact between the disc and the block.

After the tests, block wear was monitored by wear scar width (Ww). By knowing
the contact geometry and wear scar width, the wear rate (expressed in mm3/m) could be
calculated. During the tests, the coefficient of friction was automatically acquired by the
software used. To obtain more reliable insight into the wear behaviour of the materials,
five repetitions were completed for each testing condition. After the tribological tests,
worn surfaces were observed with a scanning electron microscope (SEM) Jeol JSM-6610LV
equipped with an energy dispersive spectrometer (EDS) Xplore30.
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3. Design of Experiment and Optimisation
3.1. Artificial Neural Networks

The use of artificial neural networks (ANNs) for the prediction of material behaviour
is constantly expanding. ANNs are frequently employed to model complex nonlinear
relationships and problems with wide, experimental datasets, but some investigations
have proven that it can be used, with high reliability, for small data sets. They can be used
for pattern recognition, data classification, and prediction, providing valuable insights
across different fields. These networks, which represent simplified models of human
brain function (Figure 3), are trained rather than programmed, enabling them to learn and
adapt to complex data patterns effectively. Training the network involves enabling it to
understand the relationships between inputs and outputs. This training process focuses
on adjusting the weights of connections or synapses between neurons. In the input layer,
each neuron receives a signal, which is then transmitted to the hidden layer by multiplying
it with the corresponding synaptic weights. The hidden neurons calculate their output
signals by summing these weighted inputs and applying a transfer function. The output
signals from the hidden neurons are then forwarded to the neurons in the output layer.
Each output neuron processes its weighted input signals, applying its transfer function to
compute its specific output signal as follows [47–50]:

Yj = f (∑n
i=0 WijXi) + B, (1)

where B is bias, Xi is output neuron, Yj is hidden neuron, and Wij is the synapse weight
between these two neurons.
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The signal generated by the hidden neuron Yj is distributed to all neurons within
the output layer. Each of these output neurons (Ok) calculates its output signal by aggre-
gating its weighted input signals and then applying the appropriate transfer function for
computation [47].

Ok = f (∑n
j=1 WikYj) + B, (2)

where B is bias, Ok is output neuron, Yj is hidden neuron, and Wik is the synapse weight
between these two neurons.

Mostly used ANNs are the simplest ones, which consist of an input layer, hidden
layer, and an output layer, each layer having its own number of neurons. Commonly
used transfer functions are pure linear (purelin), hyperbolic tangent sigmoid (tansig), and
logarithmic sigmoid (logsig). The most applied training algorithm is backpropagation,
which employs a gradient descent technique to minimise error for specific training patterns.
It involves adjusting the initially assigned weights of synapses iteratively until a low sum of
square error (R) is achieved. The mean square error (MSE) across all patterns is calculated
to evaluate the network’s performance as follows [51]:

R2 = 1 − ∑i(pi−ai)
2

∑i(ai)
2 , (3)

where pi and ai are predicted and actual output value, respectively.
In this study the ANN network had 3 input neurons (micro-reinforcement type,

amount of Al2O3 nanoparticles and normal load), varied neurons in the hidden layer
(from 5 to 20), and 2 output neurons (wear rate and coefficient of friction). For this
study, a few feed-forward backpropagation ANNs were applied with logsig and tansig
transfer functions.

3.2. Taguchi Design

The Taguchi method optimises product quality through statistical parameter design
while minimising the number of experiments in engineering industries. Within engineering
industries, the paramount goal is to consistently produce high-quality products, com-
mencing with the inception of preliminary concepts and advancing through the stages of
design and engineering [52]. The Taguchi experimental design is a statistical technique
used to investigate how variations in input factors affect the resulting output responses.
Its goal is to pinpoint the best process settings that minimise variability in these outputs.
This approach allows for the examination of chosen factors with a minimal number of
experimental runs using an orthogonal array [34]. Generally, the Taguchi methodology
follows a set of critical stages. These stages encompass identifying the factors and their
corresponding levels, conducting experiments using an orthogonal array (OA) table as
a guide, evaluating the signal-to-noise (S/N) ratio, determining the response table, and
applying ANOVA. ANOVA helps to validate the significance of factors in terms of their
contribution. The final phase encompasses a confirmation test, which is conducted based
on the estimated process parameter values [52–54].

In the Taguchi method, the signal-to-noise (S/N) ratio is used to measure quality
characteristics deviating from the desired values. The S/N ratio is interpreted as the ratio
of the mean value of the signal to the standard deviation of the noise value. It is used to
arbitrate the rank of input process factors. Three types of quality characteristics are used in
the analysis of the S/N ratio: smaller-is-better, larger-is-better, and nominal-is-best [52,54].
Depending on the output goal, the appropriate quality characteristic is selected. In this
study, we have chosen a “smaller-is-better” type of characteristic, and the S/N ratio is
computed using the following equation:

S/N = −10log(
1
n∑n

i=1 yi
2), (4)
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where yi is the i-th observed output value (experimental results) and n is the number
of experiments.

3.3. Grey Relational Analysis

Grey relational analysis is a multi-response optimisation approach used to evaluate
near-optimal relationships between responses [28]. In this investigation of wear rate and
coefficient of friction, the lower values for both tribological properties are preferred, which
requires that their normalisation is performed for the-lower-the-better quality characteristic,
as follows [55]:

Y∗
i (k) =

maxYi(k)− Yi(k)
maxYi(k)− minYi(k)

, (5)

where, in case of multiple responses, k is number of the response, max Yi (k) and min Yi (k)
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ξi(k) =
∆min − ς∆max

∆0i(k)− ς∆max
, (6)

where ∆0i (k) is the deviation of the reference value (Equation (6)), ς is the distinguishing
coefficient which is in the range of 0 ≤ ς ≤1 (this coefficient is usually equal to 0.5), and
∆min and ∆max are minimum and maximum values of deviation.

∆0i(k) = |Y∗
0 (k)− Y∗

i (k)|, (7)

where Y0
* (k) is the reference value, and Yi

* (k) is a comparability value.
The grey relation grade (GRG), which gives the relationship between two responses,

can be calculated with the following equation:

γi =
1
k ∑n

i=1 ξi(k), (8)

where k is number of the responses and n is number of experiments.
When each response has its own weight (Wk), then GRG can be calculated as follows:

γi =
1
k ∑n

i=1 Wkξ i(k). (9)

At the end of the analysis, the values are ranked from highest to lowest to obtain the
best combination of input factors vs. responses.

4. Results and Discussion

The design of experiments (DOE) technique is useful for any experimental analysis in
all areas of research. It is a very powerful technique for achieving significant improvements
in product quality, i.e., in this case, composite materials and process efficiency, more
precisely, tribological conditions. Three factors were selected for the experimental design,
which are given in Table 1, along with their levels and labels. The three-level factor is the
type of micro-reinforcement, while the other two-level factors are the amount of Al2O3
nanoparticles and normal load.

Experimental results for wear rate and coefficient of friction were obtained by conduct-
ing experiments using the Taguchi orthogonal matrix L12, and they are shown in Table 2.
To facilitate the presentation of model coefficients and easier interpretation of the results,
the factor levels are coded (1), (2), and (3), and shown in Table 1.
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Table 1. Input factors and their labels and levels.

Factor and Label Unit Level I Level II Level III

Type of micro-reinforcement
(A) – matrix only (1) 3 wt.% Al2O3 (2) 3 wt.% SiC (3)

Amount of Al2O3
nanoparticles (B) wt.% 0 (1) 0.5 (2) –

Normal load (C) N 100 (1) 200 (2) –

Table 2. Experimental, ANN, and S/N ratio results.

Exp.
no

Imput Factor Experiment ANN Combined
3-5-2 Logsig

ANN
3-15-1 Logsig

ANN
3-6-1 Tansig

A B C WR × 10−5

[mm3/m] CoF WR × 10−5

[mm3/m] CoF Error
WR

Error
CoF

WR × 10−5

[mm3/m] Error CoF Error

1 1 0 100 4.3969 0.101 4.3969 0.101 0.0000 0.0000 4.3899 0.0070 0.1031 −0.0021
2 1 0 200 6.2826 0.1109 6.2826 0.1109 0.0000 0.0000 5.8444 0.4382 0.1123 −0.0014
3 1 0.5 100 4.7872 0.0927 4.7872 0.0927 0.0000 0.0000 4.7882 −0.0010 0.0922 0.0005
4 1 0.5 200 7.2794 0.1021 6.2973 0.0999 0.9821 0.0021 7.1276 0.1518 0.1010 0.0011
5 2 0 100 3.9305 0.1071 3.9305 0.1071 0.0000 0.0000 3.9282 0.0023 0.1036 0.0035
6 2 0 200 7.3077 0.1243 7.3077 0.1243 0.0000 0.0000 7.2973 0.0104 0.1163 0.0080
7 2 0.5 100 3.9063 0.1063 3.7091 0.0983 0.1972 0.0080 3.9081 −0.0018 0.1048 0.0015
8 2 0.5 200 7.6366 0.1122 7.6366 0.1122 0.0000 0.0000 7.9297 −0.2931 0.1135 −0.0013
9 3 0 100 4.3165 0.1023 4.5994 0.1089 −0.2829 −0.0067 4.3140 0.0025 0.1040 −0.0017

10 3 0 200 7.3432 0.117 7.3432 0.117 0.0000 0.0000 7.3180 0.0252 0.1177 −0.0007
11 3 0.5 100 4.7056 0.1077 4.7056 0.1077 0.0000 0.0000 4.5901 0.1155 0.1119 −0.0042
12 3 0.5 200 7.8468 0.1176 7.6817 0.1172 0.1651 0.0004 7.8461 0.0007 0.1180 −0.0004

Exp.
no

Taguchi Grey

S/N for WR S/N for CoF norm. WR norm.
COF

delta
WR delta COF GRC WR GRC

CoF GRG Rank

1 −12.8629 19.9136 0.8755 0.7373 0.1245 0.2627 0.8006 0.6556 0.7622 5
2 −15.9628 19.1014 0.3970 0.4241 0.6030 0.5759 0.4533 0.4647 0.4563 7
3 −13.6016 20.6584 0.7764 1.0000 0.2236 0.0000 0.6910 1.0000 0.7730 4
4 −17.2419 19.8195 0.1440 0.7025 0.8560 0.2975 0.3687 0.6270 0.4372 8
5 −11.8890 19.4042 0.9939 0.5443 0.0061 0.4557 0.9879 0.5232 0.8646 2
6 −17.2756 18.1106 0.1368 0.0000 0.8632 1.0000 0.3668 0.3333 0.3579 11
7 −11.8353 19.4693 1.0000 0.5696 0.0000 0.4304 1.0000 0.5374 0.8773 1
8 −17.6580 19.0001 0.0533 0.3829 0.9467 0.6171 0.3456 0.4476 0.3727 9
9 −12.7026 19.8025 0.8959 0.6962 0.1041 0.3038 0.8277 0.6220 0.7731 3

10 −17.3177 18.6363 0.1278 0.2310 0.8722 0.7690 0.3644 0.3940 0.3722 10
11 −13.4523 19.3557 0.7972 0.5253 0.2028 0.4747 0.7114 0.5130 0.6588 6
12 −17.8939 18.5919 0.0000 0.2120 1.0000 0.7880 0.3333 0.3882 0.3479 12

4.1. Artificial Neural Network Analysis

During tribological testing, wear rate (WR) and coefficient of friction (CoF) were
obtained, and their results are given in Table 2. These results were used for the ANN.
As already stated, ANNs are trained, not programmed, which is the reason why more
ANNs were used to observe which network gives the most satisfactory results. The optimal
number of neurons in the hidden layer and transfer function are often determined through
a trial-and-error process which balances model complexity and performance, which has
also been achieved by this research. Many different networks were trained for both transfer
functions to obtain the best overall regression coefficient. Different numbers of hidden
neurons and transfer functions were applied, and Table 3 shows the results of the ANNs in
the form of their overall regression coefficient. MSE was calculated according to Equation (3)
and is also shown in Table 3. Firstly, all networks were trained for 5, 10, 15, and 20 neurons
in a hidden layer, and the ANN with the highest overall regression coefficient was selected.
If the overall regression coefficient of that network was too low then, one by one, another
neuron was added to achieve a higher regression coefficient. The best performance for WR
was for the ANN with the architecture of 3-15-1 with logsig transfer function (3 inputs,
15 neurons in hidden layer, and 1 output), where the overall regression coefficient was
0.99484, and the regression coefficients for training, validation, and testing were 0.99999, 1,
and 1, respectively (Figure 4a). The obtained regression coefficients indicate an excellent
fit of the model to the data for WR. Such high values, particularly the overall regression
coefficient being close to 1, suggest that the ANN has learned to predict the target variable
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with a high degree of accuracy. Training, validation, and testing phases imply that the
ANN’s predictions are almost exactly in line with the actual data of the dataset, which
is also confirmed by the high MSE (Table 3). For CoF, the ANN with an architecture of
3-6-1 and tansig transfer function gave the best output and overall regression coefficient
of 0.93096. The CoF regression coefficients for validation and testing were both equal to
one which indicates that network behaviour for these phases is almost exactly as it was
for the experimental data; however, the regression coefficient for training was 0.89358,
which indicates that there will be some degree of deviation between experimental and
predicted values (Figure 4b). In order to investigate the ANN’s potential for multiple
response prediction, the network with two outputs was trained with an architecture of 3-5-2
and logsig transfer function. After training, the overall regression coefficient was obtained,
and it was 0.99776, while the training, testing, and validation regression coefficients were
0.99948, 0.99465, and 1, respectively (Figure 4c). This ANN was selected due to it having
the highest MSE for CoF, which indicated a good fit with experimental results (Table 3).
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Table 3. Results of training for different ANNs.

Prediction WR

Transfer function tansig logsig

No. of neurons in the
hidden layer 5 10 15 20 5 10 15 16 17 20

Regression coefficient 0.97358 0.9895 0.98869 0.98547 0.9316 0.97731 0.99484 0.97145 0.99189 0.98717
MSE 0.96924 0.99062 0.98987 0.98697 0.96924 0.97043 0.99927 0.97543 0.99286 0.98494

Prediction CoF

Transfer function tansig logsig

No. of neurons in the
hidden layer 5 6 7 10 15 5 6 7 10 15

Regression coefficient 0.91038 0.93096 0.92719 0.88538 0.76831 0.88754 0.91765 0.86306 0.75498 0.80757
MSE 0.99988 0.99992 0.99990 0.99986 0.99986 0.99986 0.99990 0.99984 0.99971 0.99971

Prediction WR and CoF combined

Transfer function tansig logsig

No. of neurons in the
hidden layer 5 10 15 5 10 15

Regression coefficient 0.99799 0.99022 0.98325 0.99776 0.99167 0.99761
MSE for WR 0.98714 0.93494 0.88919 0.98383 0.93723 0.99488
MSE for CoF 0.99822 0.99916 0.99761 0.99991 0.99903 0.99864

Predicted values of WR and CoF are better for individually trained ANNs than for
combined ones (Table 2). The trained ANNs indicate a good correlation between experi-
mental and predicted values based on Figure 4 and Table 2. Figure 4a shows that there is
a good correlation between the experimental and predicted values of wear rate, while in
Figure 4b, the coefficient of friction has a slight difference between the experimental and
predicted values; however, there is still a good correlation between these results. Results
show that ANNs can be used for smaller data sets, which corresponds to other authors’
findings [20,25,56].

4.2. Taguchi Grey Analysis

The analysis of the experimental results is based on the assessment of the influence of
the factors, as well as the ANOVA of the obtained results in the MINITAB 20.4 software
package. The S/N ratio for achieving minimum WR and minimum CoF is expressed by
the characteristic “smaller-is-better”, and it is calculated using Equation (4). Regardless of
the applied quality characteristic, the transformed results are always interpreted so that
a higher value of the S/N ratio is better. The ranking of the influential factors of WR and
CoF was performed by evaluating the input values based on Table 4.

Table 4. Response table of signal-to-noise ratios for WR and CoF (smaller-is-better).

WR CoF

Level A B C Level A B C

1 −14.92 −14.67 −12.72 1 19.87 19.16 19.77
2 −14.66 −15.28 −17.22 2 19.00 19.48 18.88
3 −15.34 3 19.10

Delta 0.68 0.61 4.50 Delta 0.88 0.32 0.89
Rank 2 3 1 Rank 2 3 1

Based on the delta value, the ranks of the considered factors have been determined.
The factor with the highest delta value is the load that mostly affects the WR and CoF. The
second- and third-ranked factors are the type of micro-reinforcement and the amount of
Al2O3 nanoparticles, respectively. Determining the optimal combination of factor levels
individually for each output is possible using the graphs shown in Figure 5.
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Figure 5 shows three graphs representing the mean response and mean S/N ratio
for micro-reinforcement type, Al2O3 nanoparticles amount, and normal load (A, B, and
C). Values displayed graphically are based on the S/N ratio. The optimal combination
of factor levels for WR (Figure 5a) is A2-B1-C1, which means that the minimal wear rate
of the composites is achieved with the 3 wt.% Al2O3 micro-reinforcement with 0 wt.%
of Al2O3 nanoparticles at a normal load of 100 N. The optimal combination of factor
levels for the friction coefficient (Figure 5c) is A1-B2-C1, which means that the minimum
coefficient of friction of the composite is achieved without additional reinforcement, i.e.,
matrix alloy, with 0.5 wt.% Al2O3 nanoparticles at a normal load of 100 N. Looking at
the interaction graph for WR and CoF (Figure 5b,d), it can be observed that there is an
interaction between certain factors, since the lines of those factors are not parallel. Based
on the deviation in the parallelism of the interaction lines, it can be determined whether
the factor interactions affect WR and CoF. The higher the deviation from line parallelism,
the higher the impact of the interaction. It can be inferred that only the A × C interaction
(type of micro-reinforcement and normal load) has an impact on WR, while the influence
of other interactions is negligible. The influence of the A × B (type of micro-reinforcement
and amount of Al2O3 nanoparticles) interaction on CoF is the highest (Figure 5d), followed
by B × C (amount of Al2O3 nanoparticles and normal load), while the influence of A × C
is negligible.

ANOVA provides a more precise influence of interactions and the effect of the factors
on each observed output individually. ANOVA was used to determine the significance of
various factors on the wear rate and coefficient of friction. This analysis was performed at a
95% confidence level, corresponding to a significance level of 5%, and the results were the
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sum of squares, F-values, and p-values, confirming the significance of each control factor’s
influence on the output response (Tables 5 and 6).

Table 5. ANOVA for wear rate (WR).

Source DF Seq SS Adj SS Adj MS F-Value p-Value Percentage
Contribution

A 2 0.9367 0.9367 0.4683 12.60 0.074 1.42
B 1 1.1239 1.1239 1.1239 30.23 0.032 1.71
C 1 60.7775 60.7775 60.7775 1634.96 0.001 92.33

A × B 2 0.3605 0.3605 0.1803 4.85 0.171 0.55
A × C 2 2.4978 2.4978 1.2489 33.60 0.029 3.79
B × C 1 0.0537 0.0537 0.0537 1.45 0.352 0.08

Residual error 2 0.0743 0.0743 0.0372 0.11
Total 11 65.8244 100.00

R-Sq (99.89%) R-Sq(adj) 99.38%
DF—degree of freedom; Seq SS—sequential sums of square; Adj SS—adjusted sums of square; and
Adj MS—adjusted mean square.

Table 6. ANOVA for coefficient of friction (CoF).

Source DF Seq SS Adj SS Adj MS F-Value p-Value Percentage
Contribution

A 2 1.84351 1.84351 0.92176 20.36 0.047 35.00
B 1 0.30925 0.30925 0.30925 6.83 0.121 5.87
C 1 2.37985 2.37985 2.37985 52.56 0.019 45.18

A × B 2 0.51399 0.51399 0.25699 5.68 0.150 9.76
A × C 2 0.00985 0.00985 0.00493 0.11 0.902 0.19
B × C 1 0.12002 0.12002 0.12002 2.65 0.245 2.28

Residual error 2 0.09056 0.09056 0.04528 1.72
Total 11 5.26703 100.00

R-Sq (98.28%) R-Sq(adj) 90.54%
DF—degree of freedom; Seq SS—sequential sums of square; Adj SS—adjusted sums of square; and
Adj MS—adjusted mean square.

Based on the ANOVA and Table 5, it was inferred that factor C (normal load), had
a significant influence on the WR, with a substantial influence of 92.33%. The high per-
centual influence of normal load on wear rate is possibly due to the higher applied loads
compared to other studies [11,15,57–60]; however, it corresponds to the findings presented
in [26,34,53]. The rest of the influence is distributed among other factors as follows: the
amount of Al2O3 nanoparticle influence was 1.71%, the micro-reinforcement type influence
was 1.42%, and the influence of the interactions between the factors A and C was 3.79%.
The influence of the interaction of B and C and A and B is negligible. The ANOVA revealed
that, in the analysis of the CoF, besides the load, the micro-reinforcement type also stands
out with a considerable influence of 45.18 and 35.00%, respectively (Table 6). This is in
accordance with the literature [61]. The influence of the amount of Al2O3 nanoparticles on
CoF was 5.87%. When considering the influence of factor interactions in the analysis of
CoF, the A and B combination of factors stands out with an influence of 9.76%, while the B
and C combination influence was 2.28%. The influence of the A and C interaction on CoF
is negligible. Multiple linear regression was used to predict the wear rate and coefficient
of friction based on the control factors (A, B, and C), taking into account the interactions
between these factors. The regression equation for wear rate and coefficient of friction was
obtained after the analysis, and are as follows:

WR = 2.16 − 0.303·A + 0.141·B + 1.510·C − 0.124·A·B + 0.447·A·C + 0.358·B·C (10)

and
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CoF = 0.0971 − 0.00591·A + 0.0073·B + 0.0168·C + 0.00578·A·B + 0.00132·A·C − 0.00553·B·C. (11)

After the development of regression equations (Equations (10) and (11)), the coefficient
of determination (R2) was calculated according to the literature [62], and for WR and CoF,
R2 was 0.98596 and 0.92529, respectively. These R2 values are close to 1 which indicates
that there is a good correlation between the developed model and experimental results. A
comparison of predicted values using the ANN and the regression model with experimental
values is given in Figure 6. From Figure 6 it can be inferred that the regression and ANN
prediction of the individual outputs (WR and CoF) have a better correlation with the
experimental results than with the ANN for two outputs simultaneously.
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Figure 6. Comparative display of the experimental results and ANN predictions for (a) wear rate and
(b) coefficient of friction.

Regression prediction results for WR and CoF, ANN prediction, and experimental
results are presented in Figure 6. It can be inferred that there is a good fit between exper-
imental and predicted results for WR, and there are some deviations from experimental
results but in a small amount. For CoF, there is a higher degree of deviation between
experimental and predicted results that can be attributed to the complexity of CoF’s nature,
which results in the regression and ANN models being less accurate.

Based on a detailed analysis of the tribological and mechanical properties of hyper-
eutectic Al-Si alloys and composites [4], it was observed that the majority of researchers
conducted tribological testing under dry conditions and with lower normal load in com-
parison to this investigation. Chen et al. [63] tested Al18.5Si alloy in lubricated sliding
conditions with SAE 5W-30 oil, a normal load of 0.5 N, and a sliding speed of 0.05 m/s,
and concluded that there was no significant wear of the tested materials. Based on these
results, and the potential application of tested materials for pistons, the same lubricant was
used for this investigation, but the load was selected to be 100 N and 200 N because pistons
operate under high pressures. According to the [4] for Al alloys with approximately 18%
Si, the average applied load was 60 N, while in the another study [58] a normal load of
100 N was applied. Analysing the results of the wear rate in the literature [11,15,57–60], it
was noticed that the order of magnitude of the obtained results was in correlation with
the applied testing conditions (normal load, sliding distance, and Si content in the alloy).
In this paper, the addition of 3 wt.% of Al2O3 micro-reinforcement to the hypereutectic
Al-Si base alloy resulted in an improvement in wear resistance. The same dependence
was noticed by Ünlü [64], who tested an Al matrix reinforced with 3 wt.% Al2O3 or SiC
micro-reinforcement, i.e., the composite with 3 wt.% Al2O3 showed better wear resistance
when compared to matrix and composite containing 3 wt.% SiC. With the increase in the
amount of Al2O3 (10–20 wt.%), further improvement in wear rate was noted [65]. In our
study, the best wear resistance was noticed for composite with 0.5 wt.% Al2O3 nanoparticles
and 3 wt.% Al2O3 micro-reinforcements, and the addition of SiC micro-particles improved
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the wear rate when compared to the matrix alloy. Improvement in the tribological character-
istics of hybrid micro/nano-reinforced Al composites was also noted by Kannan et al. [61],
while Saber [64] also noticed improvement with the addition of SiC particles.

Grey analysis was performed with the application of Equations (5)–(8). Equation (9) is
used when the influence of all the weights on the response is equal, but based on the delta
values from Table 4, it can be inferred that there was a high influence of weight on wear
rate, so the equation for the multi-response optimisation in this case is as follows:

γi = 0.7348· ξWR(k) + 0.2652·ξCoF(k) (12)

where ξWR is the grey relation coefficient for WR, and ξCoF is the grey relation coefficient
for CoF.

The results of the GRG obtained with Equation (10), as well as ranked values, are given
in Table 3. The best combination of factors is ranked with 1, which means that the optimal
wear rate and coefficient of friction are for composite with 3 wt.% Al2O3 microparticles
(coded value 2) and 0.5 wt.% Al2O3 nanoparticles (coded value 2) at a normal load of 100 N
(coded value 1).

Based on this research, it has been proven that developed models can be used
for small data sets with high reliability, and for the optimisation and prediction of
tribological characteristics.

4.3. Worn Surfaces

Microstructural characterisation of the worn surface is very complex, as well as the
understanding of the wear mechanism. Figure 7 presents SEM images of worn surfaces of
matrix alloy and two best-ranked combinations of factors obtained by Taguchi grey analysis
(Table 3) for a normal load of 100 N. SEM analysis was carried out at the end of the tests to
determine the wear mechanism of the tested materials. Figure 7, with a magnification of
500×, shows surfaces formed during sliding at 0.5 m/s sliding speed under 100 N normal
load for a 1000 m sliding distance. Sliding directions are denoted with yellow-coloured
arrows on Figure 7a,b. In Figure 7a, shallow grooves can be noticed which indicates mild
abrasion, while there are small white fields present which indicate material transfer. For
composite with 0.5 wt.% Al2O3 nanoparticles and 3 wt.% Al2O3 microparticles (Figure 7b)
deeper grooves were present and bigger white fields appeared on the surface indicating
transfer of the material from the steel disc to the composite block.
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To confirm the material transfer, EDS analysis was performed on Al-18Si with 0.5 wt.%
Al2O3 nanoparticles and 3 wt.% Al2O3 microparticles and it is presented in Figure 8.
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Figure 8. EDS analysis of Al-18Si with 0.5 wt.% Al2O3 nanoparticles and 3 wt.% Al2O3 microparticles
tested under 100 N normal load: (a) spectrum positions, (b) Spectrum 1, and (c) Spectrum 2.

From Figure 8b, it can be inferred that there was Fe present on the worn surface of the
composite, which indicates that the counter-body (steel disc) surface was worn and that
transfer of materials from the disc occurred. The wear of the disc was mainly due to the
presence of hard Al2O3 particles (Spectrum 2, Figure 8c).

5. Conclusions

The present research focused on the development of thixocasted/compocasted com-
posites and hybrid composites with hypereutectic Al-18Si matrix alloy and Al2O3 (micro-
/nano-reinforcements) or SiC micro-reinforcements by applying optimisation methods.
The effects of various factors, including normal load, type of reinforcement, and amount of
Al2O3 nano-reinforcement on the wear rate and coefficient of friction were analysed.

To obtain the best prediction of wear rate and coefficient of friction with ANNs, diverse
ANNs were used. The optimal ANN model for wear rate, a backpropagation network with
3-15-1 architecture, and a logsig transfer function, displayed exceptional accuracy with an
overall regression coefficient of 0.99484. This network showed a good correlation between
experimental and predicted results, even with the small data set. For the prediction of the
coefficient of friction, the backpropagation network with a 3-6-1 architecture and tansig
transfer function exhibited an overall regression coefficient of 0.93096. When the ANN was
used to predict the behaviour of both the wear rate and coefficient of friction, it did not
give a good prediction. Due to deviations in the coefficient of friction for two outputs in
this case, it is better to use ANNs for wear rate and coefficient of friction separately.

After ANN selection, Taguchi analysis for single response optimisation was performed
to obtain the optimal combination of factors that impact wear rate and coefficient of
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friction. Minimal wear rate, according to Taguchi analysis, was obtained for the following
combination of factors A2-B1-C1 (composite with 3 wt.% Al2O3 micro-reinforcement and
without Al2O3 nano-reinforcement at a normal load of 100 N). The optimal combination
of factors for the friction coefficient was A1-B2-C1 (composite with 0.5 wt.% Al2O3 nano-
reinforcement at a normal load of 100 N). From the ANOVA, it was determined that the most
influential factor on wear rate was the normal load at 92.33%, while the most influential
factors on coefficient of friction were the normal load and type of micro-reinforcement
at 45.18 and 35.00%, respectively. For wear rate, the influence of interactions between
factors was highest for the type of micro-reinforcement and normal load (A × C), while
for the coefficient of friction, the highest interaction of factors was for the type of micro-
reinforcement and amount of Al2O3 nanoparticles (A × B).

The development of the regression model gave very good prediction results, i.e., both
ANNs for one output and regression showed a very good correlation to the experimental
results. An optimal combination for wear rate and coefficient of friction was determined
with a Taguchi grey multi-response optimisation methodology. The optimal combination of
factors was obtained for a composite with a 3 wt.% Al2O3 micro-reinforcement and 0.5 wt.%
Al2O3 nanoparticles at a normal load of 100 N. Wear rate had a higher influence on grey
analysis than CoF, and thus on optimal combination of factors. The optimal combination of
factors caused the wear rate lower than the matrix alloy by 11%.

This research showed that the application of optimisation methods can be used for
small data sets. The results of this research can contribute to future research on hypereutec-
tic Al-Si composites and the potential practical application of hybrid composites for the
production of pistons.
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20. Stojanović, B.; Gajević, S.; Kostić, N.; Miladinović, S.; Vencl, A. Optimization of Parameters That Affect Wear of A356/AlO
Nanocomposites Using RSM, ANN, GA and PSO Methods. Ind. Lubr. Tribol. 2022, 74, 350–359. [CrossRef]

21. Sajjadi, S.A.; Ezatpour, H.R.; Beygi, H. Microstructure and Mechanical Properties of Al–Al2O3 Micro and Nano Composites
Fabricated by Stir Casting. Mater. Sci. Eng. A 2011, 528, 8765–8771. [CrossRef]

22. Nirala, A.; Soren, S.; Kumar, N.; Dwivedi, V.K.; Kaushal, D.R. A Comprehensive Review on Stir Cast Al-SiC Composite. Int. Conf.
Mech. Energy Technol. 2020, 21, 1610–1614. [CrossRef]

23. Rana, R.S.; Purohit, R.; Soni, V.K.; Das, S. Characterization of Mechanical Properties and Microstructure of Aluminium Alloy-SiC
Composites. Mater. Today Proc. 2015, 2, 1149–1156. [CrossRef]

24. Nagaraj, A.; Gopalakrishnan, S. A Study on Mechanical and Tribological Properties of Aluminium 1100 Alloys 6% of RHAp, BAp,
CSAp, ZnOp and Egg Shellp Composites by ANN. Silicon 2021, 13, 3367–3376. [CrossRef]
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