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Abstract — The current study investigates the wear behavior of three distinct composite compositions designated as Cl1,
C2, and C3, with direct implications for aerospace applications. Critical factors such as the Coefficient of Friction (Cf),
Specific Rate of Wear (Sw), and Frictional Force (FF) were meticulously analyzed using a systematic experimental
approach and the Taguchi L27 array design. Significant relationships between input factors and responses emerged after
subjecting these responses to Taguchi signal-to-noise ratio analysis. The optimal parameter combination of a 5%
composition, 14.5 N Applied Load (Ap), 150 rpm Rotational Speed (Rs), and 40.5 m Distance of Sliding (Ds) highlights
the interplay of factors in improving wear resistance. An Artificial Neural Network (ANN) was used as a predictive tool to
boost research efficiency, achieving an impressive 99.663% accuracy in response predictions. The result shows comparison
of the ANN's efficacy with actual experimental results. These findings hold great promise for aerospace applications where
wear-resistant materials are critical for long-term performance under harsh operating conditions. The incorporation of ANN
predictions allows for rapid material optimization while adhering to the stringent requirements of aerospace environments.
This research contributes to the evolution of tailored composite materials, poised to improve aerospace applications with
increased reliability, efficiency, and durability by advancing wear analysis methodologies and predictive technologies.

Keywords — ANN, Wear Analysis, Reinforcement, Optimisation, Prediction, Frictional Force.

I. INTRODUCTION
In the pursuit of developing advanced materials that can meet the rigorous demands of modern applications, the study of
wear behavior analysis has emerged as a crucial area of research [1,2]. This is particularly significant in industries such as
aerospace, where materials must endure extreme conditions and mechanical stress [3,4]. Wear behavior, encompassing
factors like friction, abrasion, and erosion, plays a pivotal role in determining the durability and reliability of materials in
such environments [5,6]. Wear behavior analysis of composite materials has garnered substantial attention due to its direct
relevance in various engineering applications. Researchers have diligently investigated the intricate interplay between
material constituents, microstructural features, and processing techniques, all of which significantly influence the wear
resistance of composites [7,8]. For instance, the incorporation of reinforcing nanoparticles or fibers into the matrix material
has demonstrated a remarkable enhancement in wear resistance [9]. Notably, nanoparticles like silicon carbide (SiC) have
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been effectively introduced into aluminum matrix composites, where they form a protective layer on the surface, thereby
mitigating wear-induced degradation [10,11].

The Taguchi experimental design technique has emerged as a rigorous and disciplined approach to wear analysis. Its
features, such as applied weight, sliding speed, and sliding distance, must be altered carefully for it to be utilised efficiently.
Researchers get a comprehensive understanding of wear behaviour by measuring the effect of many elements and their
interactions on wear performance [12,13]. The integration of Taguchi's signal-to-noise ratio approach simplifies quantifying
the contributions of each parameter to the overall wear characteristics of composite materials [14,15].

The advent of Artificial Neural Networks has revolutionized predictive modeling in materials research, offering an
efficient alternative to exhaustive experimental campaigns. ANNs possess the remarkable ability to learn intricate patterns
and relationships within datasets [16,17]. They excel at extrapolating these learned relationships to predict wear behavior
based on input factors, providing invaluable insights without the need for extensive physical testing [18,19].

In the domain of wear analysis, feed-forward backpropagation ANNs have gained prominence. Researchers have
adopted various training functions to optimize ANN performance, and one noteworthy example is the utilization of the
Levenberg-Marquardt optimization algorithm. Transfer functions such as TANSIG introduce non-linearity, enabling the
network to approximate complex relationships within wear data more effectively [20,21].

The aerospace industry stands as a prime example of an arena where wear analysis and advanced materials play a pivotal
role. Aerospace applications subject materials to a gamut of challenging conditions encompassing high velocities, extreme
temperatures, and mechanical loads [3,22]. Wear behavior becomes a paramount consideration in the selection of materials
for components subjected to such environments. Composite materials, lauded for their high strength-to-weight ratio and
customizable properties, have emerged as integral candidates in aerospace material development [23,24].

Materials like carbon-fiber-reinforced composites have been extensively investigated for aerospace applications. Wear
analysis provides vital insights into how these composites interact with other materials, particularly metals in mechanical
components. The integration of predictive modeling, particularly ANN-based predictions, offers aerospace engineers a tool
to assess the wear performance of composite materials under varying conditions. This expedites the material development
process, enabling the creation of high-performance materials tailored to the unique demands of aerospace applications
[25,26].

This research delves into wear behavior analysis of composite materials, vital for applications like aerospace.
Experimental methods, including Taguchi's systematic approach, investigate factors influencing wear resistance, revealing
optimal combinations. Artificial Neural Networks (ANNs) introduce predictive modeling, enabling accurate wear response
forecasts without extensive experiments. Aerospace, demanding robust materials, benefits from wear analysis to design
components resilient to extreme conditions. The fusion of experimental insights and ANNs presents a comprehensive
framework for advancing aerospace material development.

II. MATERIAL PREPARATION

The research focused on creating and characterising composite materials consisting of Al 7010 alloy and SiC nanoparticles.
The Al 7010 alloy was given by RK Aluminium and Exports in Chennai, while SiC nanoparticles with an average size of
30 nm were obtained for the study. The mechanical and thermal properties of the Al 7010 alloy were expected to be
improved by adding SiC nanoparticles via a stir casting process. During the first step of the experiment, the Al 7010 alloy
was heated to 750 degrees Celsius. This was done inside a dedicated stir casting machine, as shown in Fig 1. The molten
alloy was then combined with warmed SiC nanoparticles prepared to 200 degrees Celsius. To include the SiC nanoparticles,
the liquid was constantly agitated for 30 minutes. This thorough whirling ensured that the nanoparticles were disseminated
evenly throughout the alloy matrix.
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Fig 1. Equipment Used in this Research.
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The study used three different material combinations to see how varying SiC nanoparticle concentrations affected the
outcomes. 1% SiC nanoparticles were added to the first composition, C1. In the second component, C2, there were 3% SiC
nanoparticles. The following batch, indicated by C3, had 5% more SiC nanoparticles. The properties of each material
composition are listed in Table 1.

Table 1. Material Compositions

Composition SiC Nanoparticle Concentration Al 7010
C1 1% 99%
C2 3% 97%
C3 5% 95%

III. METHODOLOGY

Examining the wear characteristics of composite materials is crucial in materials science and engineering to comprehend
its performance and wide variety of applications. With the help of an advanced pin-on-disc wear testing technique, the
current study investigates the wear behaviour of three different composite materials. Table 1 includes all of the results. The
experimental examination of these composites attempts to clarify the intricate interaction between the material's component
parts and the frictional forces they experience, supplying crucial knowledge regarding their wear resistance and all-around
durability. Pin-on-disc wear testing equipment is a frequently used tool for detecting friction and wear. This device
simulates real-world conditions by exposing the pin-shaped composite material to the surface of a rotating disc. The rotating
disc used in this research is made up of EN 24 alloy which is used in may research. The wear testing machine is shown in
Fig 2.

Disc and the

. ]
Pin on Disc wear
testing machine

N
Al 7010 ally with SiC
- pin

Fig 2. Experimental Setup

Coefficient of Friction (Cf): This response reflects the ratio of the Frictional Force (FF) resisting motion to the Applied
Load (Ap). Mathematically, it can be expressed as: Cf = FF / Ap. Specific Rate of Wear (Sw): Offering insights into the
rate of material removal from either the pin or disc, the Specific Rate of Wear is normalized by the Applied Load (Ap) and
the Distance of Sliding (Ds). The equation is: Sw = Weight Loss / (Ap * Ds). Frictional Force (FF): Representing the force
that counteracts the sliding motion, the Frictional Force (FF) can be calculated using: FF = Ap * Cf.

The Taguchi method and an L.27 array were used to carefully organise the wear experiment in this investigation. The
Taguchi Method is a dependable optimisation technique that carefully investigates the influence of numerous elements on
experiment results. The L27 array has the variables composition (C), applied load (Ap), rotation speed (Rs), and sliding
distance (Ds) for each of the 27 experimental runs. This design makes it easier to fully understand the wear behaviour of
composite materials by allowing for exact data across a wide range of parameter spaces. The key factors affecting wear
performance are more easily recognised thanks to the Taguchi technique and L27 array.

IV. RESULT AND DISCUSSION
The Taguchi L27 array design was used for the experiment, and Table 2 displays the outcomes for that setup. Over three
levels, every element—including C, Ap, Rs, and Ds—was systematically altered. The information produced by this
multifactorial experimental design lays the groundwork for additional research and offers vital insights into how various
components and their interactions affect the experiment's objectives.
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Table 2. Experimental Results

C (%) Ap (N) | Rs(rpm) | Ds(m) Cf Sw (mm”3/Nm) FF (N)
1 14.5 100 35.5 0.35 5.45 2.79
1 14.5 100 35.5 0.35 5.45 2.79
1 14.5 100 35.5 0.35 5.45 2.79
1 20.2 150 375 0.4 211 6.71
1 20.2 150 375 0.4 211 6.71
1 20.2 150 375 0.4 211 6.71
1 25.3 200 40.5 0.42 1.49 10.68
1 25.3 200 40.5 0.42 1.49 10.68
1 25.3 200 40.5 0.42 1.49 10.68
3 14.5 150 40.5 0.36 1.83 2.87
3 14.5 150 40.5 0.35 1.81 2.79
3 14.5 150 40.5 0.35 1.82 2.79
3 20.2 200 35.5 0.2 2.48 2.79
3 20.2 200 35.5 0.4 2.48 6.71
3 20.2 200 355 0.4 2.47 6.71
3 25.3 100 37.5 0.15 3.22 2.87
3 25.3 100 37.5 0.77 3.24 20.99
3 25.3 100 37.5 0.29 3.23 6.84
5 14.5 200 375 0.15 1.61 0.78
5 14.5 200 37.5 0.17 1.65 0.98
5 14.5 200 37.5 0.15 1.63 0.78
5 20.2 100 40.5 0.2 1.46 2.74
5 20.2 100 40.5 0.2 1.47 2.74
5 20.2 100 40.5 0.19 1.49 2.55
5 25.3 150 35.5 0.21 1.82 451
5 25.3 150 35.5 0.25 1.83 5.69
5 25.3 150 35.5 0.27 1.85 6.27

The Taguchi signal-to-noise ratio approach was used to analyse the test data completely in an effort to enhance the outcomes
and attain "smaller is better" characteristics. This analytical strategy aimed to enhance performance by minimising replies.
These results are represented visually in Fig 3, which also demonstrates how various combinations of variables affected
the experiment's goals. With the help of this graphical representation, a clear pattern illustrating the varying response levels
for various parameter values may be seen. Notably, the graphical representation showed which concoction of variables
resulted in the best response reduction results. According to the research, the best parameter choices for reaching this goal
are 5% composition, 14.5 N Ap, 150 rpm Rs, and 40.5 m Ds.

Main Effects Plot for Means
Data Means

40

C Ap Rs
35
20
25 \/A /\
20

1 3 5 14.5 20.2 253 100 150 200 35.5 375 405

Mean of Means

Fig 3. Optimal Combination for Minimising the Output Variables
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Fig 4 depicts the variation in the Cf in response to changes in the input parameters. Notably, the graph demonstrates a clear
trend demonstrating how changes in the input factors affect the Cf. Surprisingly, the C reaches its highest percentage when
the Cf reaches its lowest value. This finding emphasises how the composition of composite materials has a significant
impact on how they behave when in contact.

Changes in Rs and Ap have a significant impact on the Cf, as shown by the graphical representation. When these two
parameters are increased, the Cf value changes noticeably, highlighting their critical importance in determining the
frictional interaction between the pin and the disc. In contrast, the Ds has a much smaller effect on changes in the Cf.
Changes in Ds have a relatively smaller impact on the frictional behaviour of the materials within the studied parameter
range, according to this result.

cf

. C:Rs (Rpm)
5 145 B: Ap (N) 2100

cf

57355 D: Ds (m)

Fig 4. Variation of Cf on the change in input responses

Fig S depicts a comprehensive representation of the Sw variation in terms of input responses. This visual representation
clearly shows the Sw value's relationship to changes in the input parameters. The graph shows an interesting trend in which
rising Rs and rising Ap are correlated with rising Sw. This discovery highlights the significance of Rs and Ap in influencing
wear behaviour by demonstrating their significant influence on the specific wear rate of composite materials. The graph
also shows that the factors Rs and Ap are the primary causes of the increase in Sw responses. Their effects are especially
strong, emphasising how important they are in determining the specific wear rate of the materials under consideration. It's
especially interesting to see how the Sw reacts as the levels of C change. The analysis reveals that at the lowest C value,
the Sw value is elevated, indicating a higher specific wear rate. In contrast, at the lowest level of C, the Sw value decreases,
indicating a lower rate of specific wear. This finding leads to a compelling conclusion: increasing Rs and Ap at the same
time as C content results in lower Sw values, indicating less wear and greater wear resistance.
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A detailed illustration of the FF variation in response to altering input factors is shown in Fig 6. The dynamic relationship
between the input parameters and the FF values is usefully depicted graphically. The graph, in particular, highlights the
influence of various input factors on the FF response by exhibiting a clear trend. The observation in the graph emphasises
how the FF increases as the Ap increases. According to this relationship, a higher applied load causes a greater amount of
motion resistance, which is represented by a higher FF. In a similar vein, the graph demonstrates that raising Rs causes an
increasing the percentage of C in the composition. This finding is intriguing because it suggests that modifications to

increase in FF. This result confirms the intuitive hypothesis that frictional forces between interacting surfaces increase with
rotational speed. The graph, however, displays a divergent pattern for the C levels. It is obvious that decreasing the FF by
material composition may have a significant impact on frictional behaviour, which in turn may affect FF responses.
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Additionally, to predict the results in this study, an Artificial Neural Network (ANN) methodology was used. In the field
of experimental analysis, this novel approach has many advantages. Without the need for additional experiments, the
responses to different combinations of input values can be predicted by using a trained ANN model. The ability of ANN to
identify intricate patterns in datasets and extrapolate from the data it has been trained on is what motivates the use of ANN
as a predictive tool.

Training: R=0.99673 Validation: R=0.99278

)
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<t Data
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Fig 7. Predicted result from the ANN

The inherent benefit of using ANN is its capacity to streamline and accelerate the research process. The ANN model avoids
this time-consuming process, which is required for traditional experimentation to explore a wide range of parameter
combinations. Instead, the trained network uses the data from the initial experimental dataset that it has internalised to
make precise predictions for new scenarios.

The use of an Artificial Neural Network (ANN) in this study's context adds a potent predictive dimension and improves
the research methodology. The ANN architecture that was selected uses a feed-forward backpropagation algorithm, which
is well known for its skill at modelling intricate relationships in datasets. The TRAINLM function controls the training
process and makes use of the Levenberg-Marquardt optimisation algorithm (LEARNGDM) to adjust the weights and biases
of the network. The goal of this optimisation strategy is to reduce the Mean Squared Error (MSE), a performance metric
used to assess the predictive power of a model.

Two layers with ten neurons each make up the ANN configuration. This structure has been specifically designed to
capture the dataset's complex patterns and correlations. The research uses the hyperbolic tangent sigmoid (TANSIG)
transfer function, which introduces non-linearity and improves the network's ability to approximate complex functions.
The created Artificial Neural Network (ANN) predicts responses with a 99.663% accuracy rate. Table 3 demonstrates this
level of accuracy by comparing the ANN's predicted values to the actual experimental results.
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Table 3. Experimental and the Predicted Result

c Ap Rs Ds o Exp;vrvimental resuFI:: Zl\r,sdiaed reSUI::F
() ) (rpm) (m) (mm”3/Nm) (N) (mm”3/Nm) (N)

1 145 100 35.5 0.35 5.45 2.79 5.44 2.78
1 145 100 35.5 0.35 5.45 2.79 5.44 2.78
1 145 100 35.5 0.35 5.45 2.79 5.44 2.78
1 20.2 150 37.5 0.4 211 6.71 2.10 6.70
1 20.2 150 37.5 0.4 211 6.71 2.10 6.70
1 20.2 150 37.5 0.4 211 6.71 2.10 6.70
1 25.3 200 40.5 0.42 1.49 10.68 1.46 10.68
1 25.3 200 40.5 0.42 1.49 10.68 1.46 10.68
1 25.3 200 40.5 0.42 1.49 10.68 1.46 10.68
3 145 150 40.5 0.36 1.83 2.87 1.82 2.87
3 145 150 40.5 0.35 181 2.79 1.81 2.78
3 145 150 40.5 0.35 1.82 2.79 1.81 2.78
3 20.2 200 35.5 0.2 2.48 2.79 2.48 2.78
3 20.2 200 35.5 0.4 2.48 6.71 2.47 6.70
3 20.2 200 35.5 0.4 2.47 6.71 2.47 6.70
3 25.3 100 37.5 0.15 3.22 2.87 3.22 0.78
3 25.3 100 37.5 0.77 3.24 20.99 3.23 20.98
3 25.3 100 37.5 0.29 3.23 6.84 3.23 6.83
5 145 200 37.5 0.15 1.61 0.78 1.59 0.83
5 145 200 37.5 0.17 1.65 0.98 1.67 0.95
5 145 200 37.5 0.15 1.63 0.78 1.59 0.83
5 20.2 100 40.5 0.2 1.46 2.74 1.47 2.73
5 20.2 100 40.5 0.2 1.47 2.74 1.47 2.73
5 20.2 100 40.5 0.19 1.49 2.55 1.47 2.54
5 25.3 150 35.5 0.21 1.82 4.51 1.81 4.51
5 25.3 150 35.5 0.25 1.83 5.69 1.83 5.68
5 25.3 150 35.5 0.27 1.85 6.27 1.85 6.27

V. CONCLUSION

Finally, extensive experimental research into the wear behaviour of three distinct composite compositions, denoted as C1,
C2, and C3, has yielded valuable insights that can significantly impact material design for aerospace applications. The
Coefficient of Friction (Cf), Specific Rate of Wear (Sw), and Frictional Force (FF) were thoroughly analysed using the
Taguchi L27 array design. Following that, the obtained results were subjected to the Taguchi signal-to-noise ratio analysis,
which revealed intriguing patterns in the relationships between input factors and responses. Notably, the optimal
combination for minimising responses was identified as having a composition of 5%, an applied load (Ap) of 14.5 N, a
rotational speed (Rs) of 150 rpm, and a sliding distance (Ds) of 40.5 m. This combination demonstrates the synergistic
effect of various factors in increasing wear resistance.

Furthermore, the use of an Artificial Neural Network (ANN) as a predictive tool represented a significant step forward
in the research. The ANN, which used a feed-forward backpropagation algorithm, performed exceptionally well, predicting
responses with a precision of 99.663%. Table 3 shows how well the predictions matched the actual experimental results.
This incorporation of ANN technology not only speeds up the research process, but it also opens up the possibility of
optimising material properties in acrospace applications. To withstand the rigours of flight and operation, the aerospace
industry requires materials with superior wear resistance. This study's findings, combined with ANN's predictive
capabilities, have the potential to inform the development of composite materials tailored for enhanced performance,
durability, and reliability in aerospace environments, thereby contributing to safer and more efficient aerospace
applications.
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