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ABSTRACT: Recent studies focus on enhancing the mechanical features of natural fiber
composites to replace synthetic fibers that are highly useful in the building, automotive, o
and packing industries. The novelty of the work is that the woven areca sheath fiber (ASF) - T

with different fiber fraction epoxy composites has been fabricated and tested for its L el
tribological responses on three-body abrasion wear testing machines along with its ¥
mechanical features. The impact of the fiber fraction on various features is examined. The L TR
study also revolves around the development and validation of a machine learning
predictive model using the random forest (RF) algorithm, aimed at forecasting two critical
performance parameters: the specific wear rate (SWR) and the coefficient of friction
(COF). The void fraction is observed to vary between 0.261 and 3.8% as the fiber fraction
is incremented. The hardness of the mat rises progressively from 40.23 to 84.26 HRB. A
fair ascent in the tensile strength and its modulus is also observed. Even though a short
descent in flexural strength and its modulus is seen for 0 to 12 wt % composite specimens,
they incrementally raised to the finest values of 52.84 and 2860 MPa, respectively, pertinent to the 48 wt % fiber-loaded specimen. A
progressive rise in the ILSS and impact strength is perceptible. The wear behavior of the specimens is reported. The worn surface
morphology is studied to understand the interface of the ASF with the epoxy matrix. The RF model exhibited outstanding predictive
prowess, as evidenced by high R-squared values coupled with low mean-square error and mean absolute error metrics. Rigorous
statistical validation employing paired ¢ tests confirmed the model’s suitability, revealing no significant disparities between predicted
and actual values for both the SWR and COF.

1. INTRODUCTION reported by various authors, the woven composites have
exhibited explicit mechanical behaviors in orthogonal directions

The evolution of composites made of polymers and their ability
under various tests compared to the particle, short, or long fiber

to comply with the specified characteristics have made

industries, researchers, and engineers pay high attention to it. ComPOSites-g'lo

Natural fiber polymer composites (NFPCs), too, have found According to a review article by Ivars etal,,'" the most efficient
their niche in the global market. The performance, relatively and cost-effective method for producing composites is to use
reduced cost, and the need for lighter parts or components have short, untreated fibers. On the other hand, it has been exposed
influenced the growth in the usage of NFs in the manufacturing by many researchers' >~ '* that the stress transformation between
of composites.” Nevertheless, it is observed from several studies long fibers (woven) and the matrix is superior to that of short
that certain parameters of natural fibers (NFs), such as their and random-oriented fiber composites. When the fibers are
durability, hydrophilicity,” and stability toward thermal weaved, the induced interlocking among the fibers enhances
applications,ghave barred their full-scale utilization in high-end their strength to be greater than the binding strength between
applications.” To face such limitations, researchers have focused the fiber and the matrix. This is because the tightly attached

on obtaining the optimum benefit of a composite material by
various approaches such as surface modification of the fibers,
varying the lengths of fibers, hybridization, adding filler
materials, weaving the fibers with different patterns, and so
on.”® One such approach is the plain weaving of NFs, which
improves the mechanical and frictional features of the
composite, which is of paramount importance to implement in
tribological applications.””® Complementary to the studies
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fibers are less susceptible to pull-out, and the strength needed to
overcome it should be very high.'® Jute fiber and woven jute
fiber polycomposites were examined by Khan et al.'® The
comparative study confirmed that the tensile strength, impact
strength, and FS of the nonwoven jute composite were
reasonably less than those of the woven one.'® Similar behavior
can be observed in the areca catechu composites reported by Lai
and Mariatti."”

Many weaving styles are under practice, including plain,
basket, leno, twill, noncrimp, etc. The weaving style and yarn size
play a predominant role in modifying the characteristics of
woven composites. Wahab et al. examined the mechanical
features of the kenaf woven composite model and noted that the
weaving style and yarn size are the parameters that affect the
porosity and unit cell, which in turn contributes to the
mechanical properties.'® The study on sisal fiber resin
composites by Pothan et al. reveals that the matt-type woven
composites have exhibited enhanced tensile and flexural
strength (FS) relative to the plain and twill-type woven
ones."” Identical behavior is shown in several studies as well.
Alavudeen et al. examined the features of NaOH and sodium
lauryl sulfate-treated banana fibers and their hybrid with kenaf
fiber woven composites in a thermoset matrix and observed that
the plain-woven kind of hybrid composite has exhibited higher
mechanical strength because of higher interlocking between the
fibers relative to the twill-type woven composite.”” Various kinds
of weaving styles, viz., plain, basket, and twill, were employed in
composite manufacturing, and the behavior of banana
composites with an epoxy matrix was reported by Venkatesh-
waran et al. The improved mechanical properties were reported
with the plain style woven composite as against the twill and
basket type.”'

The weaving pattern includes a definite number of fibers in
certain orientations and contributes to the mechanical
characteristics of the composites. The tensile features of a
banana fiber epoxy composite were explored by Sapuan et al.”*
who observed that the warp direction had higher strength than
the weft direction. From another report by Arulmurugan et al.”®
on woven aloe vera/flax hybrid epoxy composites, it is evident
that the physical properties and the weaving pattern of aloe vera
influenced the toughness of the composite. The same pattern
can be seen in the paper published by Khan et al.,'® where the
woven jute fiber polycomposites exhibited higher tensile,
impact, and flexural strength (FS) at the warp direction. The
number of layers and the pattern of layering also significantly
affect the qualities of the composite materials. The tensile and
flexural characteristics of triple-layered woven jute composites
were examined by Jawaid et al.”* who reported that the layering
pattern is the predominant factor that improves the mechanical
properties and suggested the hybrids with two similar layers on
either side of the sandwiched layer. Mohamad Hamdan et al.*®
studied the mechanical properties of various layering patterns on
jute (J) and roselle (R) hybrid composites. The patterns JRR]
and RJJR recorded good tensile properties. Additionally, it is
determined that the existence of an empty fraction means that
the pattern has no bearing on the impact strength. Few authors
investigated on plain-woven jute and the hybrid of plain-woven
jute and glass fiber laminates and noted that the hybrid
composites have a relatively lesser absorption of impact energy
but higher damage tolerance capacity.”®”” Balasubramanian et
al.”® studied the mechanical features of the composites made by
layering the flax mat, aloe vera mat, straightened sisal natural
fibers, aloe vera mat, and flax mat in sequence one above the
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other. Another sequence that changes the peripheral layering by
aloe vera is compared to the sequence above. The sequence
mentioned exhibited good mechanical properties. Santhanam et
al.”” examined the impact of the sequence of the banana woven.
They noted that the sequence largely affected the flexural,
impact strength, and water absorption characteristics and did
not affect the tensile strength. According to Abdellaoui et al,”
the number of layers affects the mechanical characteristics of
woven composites, and the optimum values are obtained for five
layered composites with the 0° fiber direction and the 0° cutting
direction. To check the sustainability of a new fiber of aloe vera,
Kumar et al.*® experimented with the mechanical properties of
woven aloe vera fiber hybrid epoxy composites manufactured
through a hand layup process. From the study, it is observed that
the aloe vera and kenaf combination exhibited better flexural
characteristics. The sisal and kenaf combination exhibited better
tensile strength, and the composite of aloe vera, kenaf, and sisal
exhibited a better impact strength. Natural silkworm silks were
utilized as a reinforcement to boost impact toughness and give
epoxy resin subambient qualities. Silk fibroin from Bombyx mori
silk was combined with an epoxy resin polymer system to study
molecular interactions at the silk fiber—matrix interface.*' Zhang
et al.? investigated steel fiber-reinforced concrete (SFRC),
ordinary concrete (OC), and carbon fiber-reinforced plastic
(CFRP) plates to create a composite beam. Tests examined the
flexural behavior of eight specimens comprising four CSOCBs
and four SFRC-OC composite beams. SWCNHs/CNFs were
synthesized via electrospinning and N, annealing, and their
structure was characterized using SEM, TEM, and XPS.** Three
epoxy resin matrices with different cross-linking structures were
reinforced with Bombyx mori silk. With its exceptional ductility
and toughness, the epoxy resin made from bisphenol A epoxy
and aliphatic diamine precursors produced SFRPs with the most
significant impact strength (110 kJ-m™>) and tensile breaking
energy (14.1 MJ-m™). The predominant toughening methods,
which enhanced specific energy dissipation during fracture
processes, were crack propagation and fiber pull-out, regardless
of the kind of matrix.>* The membranes are made of electrospun
polylactic acid (PLA) and PLA that has been broken down by
enzymes (ED-PLA). Following enzymatic breakdown, SEM
images revealed an increased fiber diameter and porosity,
suggesting a particular PLA degradation pattern. Under identical
conditions, PLA outlasted ED-PLA in friction tests.*

Because of their remarkable mechanical qualities, corrosion
resistance, and simplicity of manufacture, epoxy composites
have emerged as versatile materials with numerous uses in
various sectors.’® In recent years, they have been used in
biomedical engineering, where materials must fulfill high
biocompatibility and performance demands. Biomedical en-
gineering is a multidisciplinary area that applies engineering
principles and materials to developing medical devices,
diagnostics, and therapeutics.”” The selection of materials that
interact positively with biological systems is critical to the
success of biomedical engineering. Epoxy composites have
gained popularity in biomedical applications because of their
unique mix of mechanical strength, durability, and biocompat-
ibility.”® These composites have been found to be used in a
variety of areas of healthcare, including orthopedics, dental
prostheses, and tissue engineering.”

Machine learning (ML) is vital in investigating and optimizing
fiber-reinforced epoxy composites (FRECs). ML approaches are
useful for evaluating large data sets, predicting material behavior,
improving composite qualities, and speeding up the creation of

https://doi.org/10.1021/acsomega.3c08164
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novel materials.*”*' By identifying the optimal mix of fibers,
epoxy resin, and other additives, ML algorithms can aid in the
design and optimizing FRECs. These algorithms may examine
material attributes, processing circumstances, and cost limi-
tations to recommend formulations that satisfy specific needs.**
Based on the composition and processing factors, ML models
may predict the mechanical, thermal, and tribological character-
istics of FRECs. Based on the fiber type, orientation, volume
fraction, resin parameters, and processing circumstances,43 ML
may forecast material attributes such as tensile strength, flexural
strength, impact resistance, and thermal conductivity." In the
outer groove rolling process for a profile ring, the deformation
coeflicient of the cross-sectional profile per revolution was
introduced, demonstrating its fluctuation under various
conditions. A mathematical model was developed for this
coeflicient. Through simulation and testing, the model was
validated for the profile ring with an exterior groove using a
constructed target forged ring.45 Using a systematic approach,
the research improved arrangement patterns for 3D honeycomb
and 3D re-entrant honeycomb structures. A novel sample
multiplication method cut time consumption by half (93.75%).
With the suggested organization pattern, simulations and testing
showed a 43% improvement in energy absorption capacity
under similar lateral displacement.® A novel high-order
nonlinear friction model with spatial distribution features was
developed for magnetorheological materials. Three magneto-
rheological material types were used to develop and validate the
hysteresis dynamic model, which included nonlinear forces and
demonstrated a high signal-to-noise ratio and outstanding
prediction accuracy.”” To obtain desired material qualities while
reducing production costs,** ML algorithms may improve the
manufacturing process of FRECs by altering factors such as
curing time, temperature, and pressure.49 ML speeds up creating
new materials with superior performance characteristics for
various applications,50 including aerospace, automotive, bio-
medical, and beyond.>’!

The literature review revealed that the woven mat composites
exhibit very promising and improved mechanical properties
compared to the nonwoven type. The researchers are interested
in optimizing the natural fiber’s properties by introducing
variations in weaving, layering, sequencing, proportion, and so
on to find its potential usage in a particular application to replace
the synthetic fiber as much as possible. Woven composites from
hemp, coconut, bamboo, kenaf, flax, sisal, ramie, rice husks,
bagasse, areca fruit husks, and many other natural fibers have
been investigated and reported. Very limited work was reported
while applying ML to predict the SWR and COF.

In light of the investigation mentioned above, it is clear that
the tribological and mechanical behavior of an areca sheath fiber
(ASF) composite has not received much attention. The current
effort thus concentrates on the areca sheath fiber composite. The
physical and mechanical properties were studied and reported.
The wear behavior of the composites under the three-body wear
test, where the experiments are optimized through the Taguchi
approach, is reported. The ML algorithm RF is applied to model
the SWR and COF. The results are investigated through the
mean, SNR, and analysis of variance (ANOVA). Further to it,
the worn surface of the abraded composite samples is discussed.
This study is very important to determine the composite
application in wear-exposed structures. So, the primary
objectives of this study are as follows:

8021

e To fabricate and evaluate woven ASF composites with
varying fiber fractions in epoxy matrices.

e To investigate the tribological responses of ASF
composites through three-body abrasion wear testing.

e To examine the impact of the fiber fraction on mechanical
and physical properties, including density, void fraction,
tensile strength, modulus, flexural strength, surface
hardness, and impact strength.

e To develop and validate a machine learning predictive
model, explicitly using the random forest algorithm, for
forecasting the specific wear rate and coeflicient of
friction.

This study’s relevance is multifaceted, extending into
numerous major areas of interest. For starters, it meets the
essential worldwide requirement for environmentally friendly
materials. This study contributes to the global drive to produce
sustainable and biodegradable materials by investigating woven
ASF composites as environmentally benign alternatives to
synthetic fibers. Sustainability is critical because it meets the
growing need for environmentally sensitive solutions across
several industries. Second, this research adds to the field of
material innovation. It dives into ASF composites’ mechanical
characteristics and tribological reactions, providing material
scientists and engineers with significant insights. This research’s
findings enable experts to design and manufacture high-
performance composites that can change the construction,
automotive, and packaging sectors. These observations can
potentially develop more durable, efficient, and sustainable
materials.

Furthermore, using data-driven methodologies, notably, the
RF model, represents a significant advancement in materials
research. This feature exemplifies the strength and promise of
machine learning and predictive modeling. Researchers may
create more precise and informed predictions regarding material
qualities and performance by employing data-driven method-
ologies, offering new options for innovation and optimization.
Finally, the multidisciplinary nature of this work contributes
significantly to its significance. It successfully connects the
conventional world of materials science to the new world of
data-driven science. This multidisciplinary approach applies not
only to the domains of materials science and engineering but
also to chemistry. This interdisciplinary collaboration fosters
collaboration and advances knowledge at the junction of several
domains, resulting in a more comprehensive understanding of
the materials and their behavior.

2. EXPERIMENTAL SECTION

2.1. Materials. The matrix phase in the current study was
LYS556 epoxy resin, having a density of 1.15 g/cm? and the
hardener HY-951, both of which were procured from Yuje
Enterprise, Bengaluru. The composite’s discontinuous phase in
ASF was obtained from the store of Go-green products in Tamil
Nadu, India. The fiber length ranged from 820 to 1400 mm, and
the diameter ranged from 400 to 700 ym. From the chemical
constituent’s quantification tests, the major ingredients like
cellulose, hemicellulose, and lignin were observed to be 65.02,
8.26, and 18.62 wt %, respectively. The linear density of the fiber
was projected to be 0.90 g/cm?’, consistent with the ASTM-
D1577-01 standards. According to ASTM D3822-07 standards,
the tensile strength, Young’s modulus, and the elongation at
break were 59.62 + 2.20 MPa, 1.24 + 0.12 GPa, and 3.02 +
0.36%, respectively. The longer areca sheath fibers were woven

https://doi.org/10.1021/acsomega.3c08164
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similarly to plain fabric, as displayed in Figure 1. The composite
samples were fabricated using the hand layup method. The

Figure 1. Plain-woven areca sheath fiber composite.

Resin and

QHardener

Woven Fiber
mat
Mould

L

Figure 2. Hand layup process.

Anti-adhesive
agent

Brush} \I

schematic of this technique is shown in Figure 2. In this
technique, the mold surface was applied with an antiadhesive
agent, which prevented the polymer from clinging to the surface
of the mold. Then, the layers of woven areca sheath fiber
reinforcements were cut into the required size and placed inside
the mold layer by layer while adding the measured quantity of
the matrix. The matrix of epoxy (LYS56, density: 1.15 g/cm?)
and the hardener HY-951 mixed at suitable proportions was
infused onto these layers, and a brush was used to spread the
matrix uniformly on the entire surface of the reinforcement. The
composite boards of varied fiber loadings were manufactured as
in0, 12,24, 36, and 48 wt %. The molding machine, compression
type (Santec), was employed for the manufacturing of
composites at a pressure of 40 atm and for 24 h, which were
designated as M0, M12, M24, M36, and M43, respectively. All
the composite specimens were cured for 15 days followed by the
physical and mechanical characterization consistent with ASTM
guidelines. An average of five test runs was reported.

2.2. Procedures. 2.2.1. Density and the Void Fraction of
Composite Materials. Physical characteristics are just as
important as mechanical features in determining whether a
composite material is suitable for certain applications. The
density is one of them. The theoretical density (T;) of the
composite samples (25 mm X 25 mm X 4 mm) with respect to

8022

their weight fraction is determined by eq 1 according to ASTM
D2734-94 (2003).

100
+

o=

(1)

where Ty is the theoretical density, g/ cm’; R is the weight
fraction of resin; D is the density of resin, g/cm?; r is the weight
fraction of fiber; d is the density of fiber, g/cm”.

The composite material’s actual (measured) density (M) is
determined by dividing the weight by the volume. The
composite void fraction (V) is calculated using eq 2 according
to ASTM D2734-94 (2003).

100(T; — M,
1001, — M)
T

=

2)

where V is the void fraction, volume %; T; is the theoretical
density of composites, g/cm’ M, is the actual (measured)
density of composites, g/cm”.

2.2.2. Mechanical Characteristics. The Rockwell method
was employed in line with ASTM D78S standards to measure
the hardness of the samples with dimensions of 30 mm X 30 mm
X 6 mm. The indenter used was of 0.12$ in. radius. The
composite’s TS was determined using digital universal testing
equipment (Mecmesin 2.5 «xt) in accordance with ASTM
D3039M standards. The examination was carried out on the
sample of 250 mm X 25 mm X 3.2 mm size under a cross-head
speed of 2 mm/min.

According to ASTM D790-03, a sample with dimensions of
150 mm X 15 mm X 3.5 mm was put through three-point
flexural testing at a cross-head speed of 1.5 mm/min. The cross-
head motion was calculated using eq 3.

2
o L
6d (3)

where L is the span between the supports, mm; d is the sample
thickness, mm; Z is the rate of training of the outer fiber, mm/
mm/min, which will be equal to 0.0. Further to it, a short beam
testing method was employed to study the ILSS. The equations
used to calculate the flexural strength (FS) and ILSS are given in
eqs 4 and 5, respectively.

3FL
ES =
2wt? (4)
ILSS = 3E
4wt (5)

where F is the maximum force applied; L is the specimen length;
w is the specimen width; t is the specimen thickness.

On a Tinius Olsen impact resistance tester machine (IT 503),
the Izod impact experimentation procedure was used to evaluate
the impact strength in accordance with ASTM D256 standards
(sample size: 65 X 10 mm?; velocity of the pendulum: 3.5 m/s;
height of the pendulum: 609.6 mm).

2.2.3. Functional Characteristics of the Specimens under
the Three-Body Abrasion Wear Test. On the rubber wheel
abrasion test rig DUCOM TRS0, a three-body abrasive wear test
was done on the composite sample (25 mm X 76 mm X 6 mm)
consistent with ASTM G65 standards. The revolution per
minute (RPM) was kept at 200, and the sand flow rate (g/min)
was kept at 250 g/min. The wheel of rubber employed was 228.6
mm in diameter. The abrasive, dry sand (silica sand) samples
with particle sizes of 500, 400, 300, 200, and 100 ym were

https://doi.org/10.1021/acsomega.3c08164
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utilized. The applied normal load differed from 10 to 50 N,
stepping by 10, with sliding distances ranging from 50 to 90 m in
increments of 10. The range of sliding velocity was between 0.48
and 1.44 m/s in increments of 0.24. The SWR was found out by
eq 6.

SWR = A—M(mmS/N m)
pSE (6)

where AM is the change of the mass of the sample (g), p is the
actual density of the sample (g/mm?), S is the sliding distance
(m), and F is the normal load (N) applied.

2.2.4. Taguchi’s Method. The deployment of the approach
intended by Taguchi is being widely applied by researchers,
scientists, and others to get it right for the first time. If a process
is reliable, then the outcome is dependable. The Taguchi
technique proposes three layers of understanding of the design
process. Level one is the system design, which looks into the
basic factors that cause the desired output.”® The emphasized
second level is the parameter design, which intends to minimize
variation from the target by establishing very pertinent optimal
parameters covering all the basic factors.” The third level is the
tolerance design, intended for the needed level of variation by
identifying the sensitive elements affecting the product quality.>*
As a result, the technique aids in determining which process
parameters are crucial to improving product quality, which
parameters should be modified, the level at which process
criteria should operate, and what needs to be improved and
rigorously controlled. Signal-to-noise ratio (SNR) optimization
is promoted to achieve process or product performance
optimization by lowering the noise and enhancing the mean
performance.” When uncontrolled noise elements are present
in the system, the SNR is regarded as the experiment’s output.
An adequate orthogonal array is built based on the Taguchi
approach, considering all of the control elements for the wear
test experiment.‘%’57

From similar studies, it was observed that the control
parameters like the fiber fraction (Fy), sliding distance (Sp),
velocity (Vg), vertical load (N, ), and abrasive particle size (Ag)
of abrasion material employed all influence wear character-
istics.”® The influences of the five factors as mentioned earlier on
the wear characteristics are studied using the L,; orthogonal
array.” Table 1 depicts the experimental parameters for the
wear tests conducted at laboratory temperature. Table 2
presents the L,; orthogonal array and a combination of
experimental parameters.

The responses or outputs of the experiments conducted were
interpreted using the signal-to-noise ratio. SNR appraisal may
consider the quality parameters STB (smaller-the-better), LTB
(larger-the-better), and NTB (nominal-the-better). The goal of
this research is to reduce the SWR and COF; therefore, the SNR

Table 1. Experimental Parameters for the Wear Test

variable levels

controlled
factors 1 2 3 4 S
VS 048 m/s 0.72m/s 096m/s 120m/s 1.44m/s
FF 0wt % 12 wt % 24 wt % 36 wt % 48 wt %
NL 10N 20 N 30N 40 N SON
SD 50 m 60 m 70 m 80 m 90 m
AS 100 ym 200 gum 300 um 400 um 500 ym
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Table 2. Design of Experiments with the L,; Orthogonal
Array

experiment no. VS (m/s) FF(wt%) NL(N) SD(m) AS (um)

1 0.48 0 10 S0 100
2 0.48 12 20 60 200
3 0.48 24 30 70 300
4 0.48 36 40 80 400
S 0.48 48 50 90 500
6 0.72 0 20 70 400
7 0.72 12 30 80 500
8 0.72 24 40 90 100
9 0.72 36 50 S0 200
10 0.72 48 10 60 300
11 0.96 0 30 90 200
12 0.96 12 40 NY 300
13 0.96 24 N 60 400
14 0.96 36 10 70 500
15 0.96 48 20 80 100
16 12 0 40 60 500
17 12 12 50 70 100
18 12 24 10 80 200
19 12 36 20 90 300
20 12 48 30 NU 400
21 1.44 0 50 80 300
22 1.44 12 10 90 400
23 1.44 24 20 S0 500
24 1.44 36 30 60 100
25 1.44 48 40 70 200

pertaining to the STB value attributes was chosen, which can be
calculated using eq 7.°%%

S 1,
STB: — = —10 log—(Z
N Ogn(y) )

In the above equations, “n” implies the number of tests, and
“y” implies the observed factors.

2.2.5. Morphological Aspects. The surface morphology of
the woven areca sheath fiber composite specimens was explored
using SEM. A thin film of vacuum-evaporated platinum was

applied to the surface to improve the specimen conductivity.**

3. RESULTS AND DISCUSSION

3.1. Density and Void Fraction of Composites. The void
fraction with regard to the measured and theoretical densities of
the woven fiber areca sheath composites is given in Table 3. Air
bubbles may become entrapped during the production of
natural fiber-reinforced composites (NFRCs), resulting in voids.
The other cause for these voids” formation is the hygroscopic
nature of the fiber, which gets released in the denser matrix
medium. Mechanical properties are affected due to the presence
of these voids, as the fibers in the region of voids shall possess

Table 3. Density and Void Fraction of the Specimen Samples
(MO to M48)

specimen theoretical density =~ measured density  void fraction
nomenclature (Ty) in g/cm?® (My) in g/cm?® (V) in %
MO 1.150 1.147 0.261
MI12 1.1468 1.090S 491
M24 1.1437 1.089 4.783
M36 1.1408 1.095 3.978
M48 1.1374 1.0935 3.86
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Table 4. Mechanical Properties of the Specimens (MO to M48)

hardness tensile strength  tensile modulus  flexural strength  flexural modulus impact strength IS interlaminar shear strength
specimen (HRB) (MPa) (GPa) (MPa) (GPa) (J/m) ILSS (MPa)
MO 40.23 43 0.15 45.16 225 52.06 1.02
Mi12 68.26 68.26 0.68 26.84 0.524 28.02 2.84
M24 74.86 88.68 2.88 34.52 0.682 42.64 3.86
M36 78.62 96.82 3.24 50.96 1.18 56.24 426
M48 84.26 104.46 422 52.84 2.86 64.26 4.68

Figure 3. SEM images under tensile failure for M12 and M48 samples.

l%}‘eBreak
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reduced interfacial strength. The instance of abrasion between
the exposed fibers may cause the fracture of the fiber, which
results in crack initiation and propagation. From Table 3, it is
evident that specimen MO, the neat epoxy, has only 0.261% of
voids, which increased to 4.91% in M 12. The additional increase
in the fiber fraction (up to 48 wt %) led to a drop in the void
fraction by up to 3.86%.

The observed decrease in the void fraction with an increase in
the fiber fraction in the woven fiber areca sheath composites can
be attributed to several factors. As depicted in Table 3,
increasing the proportion of fibers in woven natural fiber
composites (12 to 48 wt %) where the fibers are properly aligned
reduces the amount of voids or empty spaces between the fibers.
This is primarily caused by increased fiber packing density and
the matrix material’s viscosity, enhanced interaction between the
fiber and the matrix, and decreased shrinkage and warping
during the curing process. The higher fiber content results in
more fibers being incorporated into the composite material.
This increased presence of fibers occupies a greater volume
within the matrix, thereby reducing the overall space available
for voids.”> Consequently, the composite exhibits a denser
arrangement of materials, leading to a lower void fraction. The
increase in the fiber fraction may contribute to improved
packing efficiency within the composite structure. The increased
interlocking of fibers could leave fewer spaces for air bubbles or
voids to be trapped during production. This enhanced packing
efficiency further reduces the void fraction as the fiber content
increases.”*

Additionally, the text mentions that air bubbles may become
trapped during the production of NFRCs. With a higher fiber
fraction, there might be a decrease in the likelihood of air
bubbles trapped within the matrix. The increased presence of
fibers and the resulting denser arrangement could limit the
opportunities for air entrapment, further influencing the
reduction in the void fraction observed in the composites.”®

3.2. Mechanical Features of Composites. The mechan-
ical features of the composites, including their tensile strength
(TS), flexural strength (FS), flexural modulus (FM), hardness,
and impact strength (IS), are shown in Table 4. From 40.23
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HRB for neat epoxy (MO0) to 84.26 HRB for 48 wt % (M48)
specimens, the hardness of the specimen improves. The rise in
hardness of the specimens is visible since hardness depends on
the relative volume concentration of the fiber and modulus. The
amount of fiber content influences the improvement of tensile
strength and the modulus of elasticity in the composite
specimen. As the fiber content rises, the fibers prevent the
dislocation shift and limit plastic deformation, improving the
tensile strength and elastic modulus. From the microstructural
investigation presented in Figure 3, it is evident that there was a
strong interfacial interaction between the fibers and the matrix,
resulting in increased tensile strength values. The primary failure
mode identified was fiber breakage, which suggests strong
adhesion between the fibers and the matrix. The neat epoxy’s
tensile strength and tensile modulus are 43.0 and 150 MPa,
respectively. Estimates for the same for the areca sheath fiber
woven mat are getting elevated up to 104.46 and 4220 MPa for
the M48 specimen having the larger fiber fraction of 48 wt %.
The short beam testing method is employed to study the
ILSS. Table 4 depicts the FS and modulus characteristics for the
different woven mat areca sheath fiber specimens MO to M48.
The neat epoxy (MO) has exhibited 45.16 and 2250 MPa for the
FS and the flexural modulus, respectively. On the other hand, the
specimen with a 12 wt % fiber fraction experienced a fall in the
above-mentioned characteristics, and it is presumed that the
existence of the voids and the inadequate strength at the
interfacial regions cause such a descent. The specimens M24,
M36, and M48 portrayed an increase in the FS and the flexural
modulus. The finest values of 52.84 and 2860 MPa are recorded
pertinent to the M48 woven mat areca sheath fiber composite.
The geometry of the dispersed phase and the fiber fraction are
the intensifying factors in the augment of the FS and flexural
modulus.’® In this study, the woven mat areca sheath fiber
composite laminates were subjected to transverse stresses, and
the results are recorded. The laminates usually experience
interlaminar failure during transverse loading because of the air
pockets entrained, inapt laying of laminae, pressure, temperature
while curing, and geometry of the laminates. Table 4 depicts the
ILSS of the composite specimens with distinct fiber contents. A
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radical ascend is observed for the composite sample with fiber
fraction of 12 wt % from 1.02 MPa (for neat epoxy, MO) to 2.84
MPa, which ascends progressively with the specimens with an
increase in fiber concentration. The composite sample with 48
wt % fiber fraction has recorded a maximum ILSS of 4.68 MPa.
Table 4 shows for impact strength analysis that the high fiber
loaded specimen has absorbed significantly more energy due to
the conjugation between the fibers and matrix and good
resistance to sudden loading. The neat epoxy is exhibiting
impact energy of 52.06 J/m. The composite sample with 48 wt %
fiber fraction had the highest impact energy of 64.26 J/m.

3.3. Wear Behavior under the Three-Body Wear Test.
3.3.1. Taguchi Analysis. The trials were carried out using a
Taguchi (L,;) orthogonal array, and the responses of the trials
were translated into signal-to-noise ratios (SNR). The Taguchi
experimental responses are presented in Table 5. The average
SNR of the composite specimens was found to be 87.643 dB for
the SWR and 7.952 dB for the COF.

Table S. Design of Experiments with the L,; Orthogonal
Array

specific wear signal-to- coefficient of signal-to-
expt. rate SWR noise ratio friction noise ratio
no. (mm?/Nm) SNR (dB) (COF) SNR (dB)
1 0.189 74.71 0.799 1.951
2 0.099 80.11 0.699 3.12
3 0.087 81.525 0.458 6.775
4 0.099 80.105 0.498 6.052
N 0.11 79.332 0.518 5.707
6 0.06 82.026 0.498 6.052
7 0.08 81.94 0.199 14.03
8 0.04 87.702 0.549 5.215
9 0.06 84.746 0.399 7.985
10 0.045 86.936 0.199 14.03
11 0.04 88.427 0.390 8.183
12 0.05 86.232 0.390 8.183
13 0.07 83.622 0.439 7.159
14 0.02 94.067 0.390 8.183
1s 0.031 90.23 0.748 2.520
16 0.054 85.384 0.518 5.710
17 0.021 93.64 0.539 5.380
18 0.02 94.07 0.298 10.50
19 0.03 91.44 0.249 12.08
20 0.04 88.66 0.328 9.677
21 0.01 103.64 0.179 14.96
22 0.035 89.07 0.189 14.46
23 0.03 90.52 0.346 9.229
24 0.05 86.783 0.559 5.06
25 0.005 106.41 0.468 6.591

Figure 4 depicts the influence of controlled parameters on the
composite’s SWR, whereas Figure 5 depicts the influence of
controlled parameters on the composite’s COF. Table 6 displays
the results of the Taguchi experimental analysis.

3.3.2. Confirmatory Run to the Design of Experiment (DOE)
Result. To meet the desired response from the set of
experiments conducted, we include the best predicted setting,
too. To ensure the predicted response has not deviated from the
response received during the experiment, it is to be confirmed.
Hence, the confirmation run is conducted again with the optimal
settings. From Table 6, derived from the Figure 4, to attain the
desired smaller SWR, the optimal set of control factor values is
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reflected in one of the L,; orthogonal array experiments
(experiment number 25 in Table 2). The confirmatory run in
this regard is omitted.

On the other hand, the optimal value set for the COF
mentioned in Table 6 with respect to Figure S is not reflected in
any of the L,s orthogonal array experiments. Therefore, the
confirmatory run is performed with the set of values mentioned
in Table 6 for the COF. Equation 8 gives the predicted SNR for
the minimal COF.

fcop = Ms T Mg + My + 1y + 1, — 4, (8)
where 15, g, finy 1p, and 1, are the average value of the SNR at
the optimum level of the controlled parameters (i.e., Vg: 1.44 m/
s; Fp: 12 wt %; Np: 10 N; Sp: 80 m; Ag: 300 um) and 7,,, is the
total mean of the SNR.

The response for the confirmatory run is presented in Table 7.
The predicted SNR from the set of optimal values is 17.9345 dB,
and the experiment recorded a value of 17.1658 dB with an error
of 4.28%.

3.3.3. Analysis of Variance (ANOVA). Tables 8 and 9 depict
the variance analysis reports for the SWR and COF, respectively.
The SWR experienced an undesirable drop with the test variance
Vs (69.76 %). On the other hand, the COF has also experienced
such a drop with the test variances, viz., Vg (30.18%) and Ag
(47.74%). The other test variances, namely, Fy, N}, and Sp, have
relatively less impact on the desired outcomes.

3.3.4. Deviation in the SWR with the Experimental
Variances (Sliding Velocity, V). The SWR variations with the
change in Vj are presented in Figure 6. From Figure 6, it is
obvious that the neat epoxy exhibited an increase in the wear rate
as the Vg increased. On the other hand, the woven areca sheath
fiber composites have exhibited promising behavior. The SWRis
decreasing with ascending in V. The decline is presumed to be
due to the lesser contact of the abrasive wheel with the specimen
during the abrasion process.® A similar observation is reported
by a few authors in their study.”” From the curves plotted for
different specimen samples (M0—M48), it is obvious that M36
has exhibited a relatively minimal SWR.

3.3.5. Deviation in the SWR with the Experimental
Variances (Normal Load, N). Figure 7 depicts the SWR
characteristics in terms of the variant Ny applied during the
experiment. From the curves plotted in the figure, it is obvious
that the SWR pertaining to neat epoxy (MO) is getting upraised
with the rise in the application of the Ny. The composites (M12
to M48) with different fiber contents recorded explicit behavior
similar to the one reported by a few authors in their relevant
study.’® Promising SWR desired characteristics of the composite
specimen M36 at an Ny of 20 N are apparent from the figure. It
may be presumed that the wear rate is at its extreme when the
fiber content is relatively less than the proportion of matrix
material, as reflected in the neat epoxy MO specimen. The
specimens M12 and M24 also exhibit similar characteristics. The
cellular structure of the fiber, formation of the wedge, and higher
fiber content resist the wear and result in a lesser SWR.®” Higher
integration of the matrix with the fiber will mitigate the brittle
nature of the epoxy alone and may also supplement the desired
lower SWR characteristics.

On the other hand, the specimen sample M43 is exhibiting a
substandard SWR, which is due to the inappropriate wetting of
the fibers. More fiber fractions will experience a deficient
adhesion with the matrix material and at the interfacial regions,
leading to undesired SWR characteristics.
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Figure 4. Deviation of the control factors in contemplation on the SWR of the woven composite specimens.

Main Effects Plot for SN ratios
Data Means

Sliding velocity (m/s) | Fibre fraction (wt.%) Normal load (N) |Sliding distance (cm) Abrasive size (um)

- -
o =

w

Mean of SN ratios

RPN NVAGE BRC OO PR S ST, €L LSS

Signal-to-noise Smaller is better

Figure S. Deviation of the control factors in contemplation on the COF of the woven composite specimens.

Table 6. Group of Process Parameters to Attain the Lowest Table 7. Response of the Confirmatory Run
SWR and COF
SNR value for the COF in the confirmatory test run (dB)
to attain the minimal values for the to attain the minimal values for the . - P
SWR (with respect to Figure 4) COF (with respect to Figure S) predicted experimental % error
Vg: 144 m/s, Fg: 48 wt %, Np: 40N, Vg 1.44 m/s, Fp: 12 wt %, Ny: 10 N, 179343 17.1658 428
Sp: 70 m, and Ag: 200 ym Sp: 80 m, and Ag: 300 ym
value and starts ascending until the Vg attains 0.72 m/s. Beyond
3.3.6. Deviation in the COF with the Experimental this limit of Vg, all the specimens with different fiber fractions
Variances (Sliding Velocity, Vs). Figure 8 shows the COF (MO to M48) exhibit an explicit behavior. The COF experiences
variations with the variant Vi applied during the wear test. The aprogressive fall as the Vg increases beyond 0.72 m/s. This trend
COF of any specimen, i.e., MO to M48, begins with a minimal may be attributed to the increase in temperature at the interfacial
8026 https://doi.org/10.1021/acsomega.3c08164
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Table 8. Analysis of Variance for the SWR

variance DF adj. SS adj. MS vafue Pvalue P (%)
Vs (m/s) 4 0027015 0006754 834 0032  69.75573
Fe(wt%) 4 0002546 0.000636 079 0590  6.574055
N, (N) 4 0000464 0000116 0.4 0957  1.1981
Sp (m) 4 0.003083 0.000771 0.95 0.519 7.960649
Ag(um) 4 0002380 0000595 073 0614 6145424
error 4 0.003241 0.000810

total 24 0.038728
Table 9. Analysis of Variance for the COF

variance DF  adj. SS adj.MS  Fvalue Pvalue P (%)
Vs (m/s) 4 0.20532 0.051329 14.72 0.012 30.18302
Fp(wt%) 4 0.01808 0.004519 1.30 0.404 2.657846
N (N) 4 007057 0017642 506 0073  10.37413
Sy(m) 4 004760 0011901 341 0131 6997427
Ag (um) 4 0.3247S 0.081187 23.29 0.005 47.7398
error 4 0.01394

total 24 0.68025

region as the sliding velocity increases. In turn, thermal
penetration occurs, and the polymer exhibits an elastic
behavior.”’ Subsequently, the frictional force reduces with the
increase in the sliding velocity.

3.3.7. Deviation in the COF with the Experimental
Variances (Normal Load, N,). Figure 9 depicts the COF
variations relative to test variance Nj. It is obvious from the
figure that the rise in the Ny applied resulted in the gradual rise in
the COF. Any additional normal load applied beyond it caused
the declination of the COF. These characteristics can be
observed in the study reported by a few authors.”” The decline
can be interpreted with the induced thermomechanical loading
at higher loads, resulting in a thin layer of lubrication comprising
the liquefied resin, supplemented by the lowered shear strength
of the fibers at elevated temperatures.”’

3.4. Worn Surface Morphology. The abrasive action at the
microlevel may be because of any of the following models: the
material may get displaced to the grooves formed, termed
plowing; the material will get cleared from the groove, in the
form of chips, termed cutting; and the material will get cracked

near the groove-surrounding regions, termed as cracking.69 To
study the material wear mechanism, it is studied under a
scanning electron microscope.

Worn surface morphologies of the M36 specimen at different
Vs of 0.48 and 1.44 m/s are presented in Figure 10a. At a Vg of
0.48 m/s, the presence of wear debris and cracks and the
material shift to the sides of wear grooves are evident. At a higher
Vs, the defects described above are relatively small, even though
the wear track is evident on both samples.

The morphologies of worn surfaces of the M12 specimen at
Ny of 10 and SO N are presented in the below Figure 10b. Minor
cracks and wear debris are evident at alower Nj. The exposure of
the fractured fiber, which has lost its interfacial bonding with the
matrix, is clearly visible at a higher Ny (50 N).

The morphologies of worn surfaces of M12 and M36
specimens are presented in Figure 10c. The surface has a
smoother texture for the M36 specimen compared to the M12,
which indicates less destruction of the boding of fibers at
interfacial regions with the matrix. Wear debris is evident on
both samples.

4. MACHINE LEARNING: RANDOM FOREST
REGRESSION

A supervised learning approach called random forest (RF)
leverages the essentlal properties of several decision trees to help
make judgments.”" First, during the learning phase, the RF
causes the creation of sole decision tree branches. The overall
prognostic is then obtained by combining the predictions from
all tree branches. The ensemble learning technique is the name
given to RF, which employs a set of findings to obtain a
judgment. The bagging or bootstrapping technique, on which
the RF is developed, is used to build a wide range of data samples
from the training phase randomly chosen with replacement.
Each subset of data is used to create regression trees, which are
alluded to as a parallel process. As a result of its high
computational cost compared with other ML methods, it is
particularly effective. It is also highly precise and requires little
training time. The main steps are shown in Figure 11.
Combining N decision trees, the first step of RF constructs
the RF tree, and the second stage involves developing a
proposition for every tree produced in the first stage. Finally, eq
9 computes the RF forecast.
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Figure 6. SWR variations with the experimental variance—sliding velocity (V).
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random forest prediction = % Z h].(z)
=1

)

h(z) denotes the average of the predictions made by |
regression trees, and ] is the total number of various regression
trees created for the iterations using input vector z.

A hyperparameter is a characteristic used to control the
learning process in ML that cannot be learned via the standard
training phase alone. Therefore, hyperparameters must be
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adjusted before the training itself begins. The complexity and
learning rate of the model are two important hyperparameters.
Hyperparameters in the RF increase the model’s capacity for
prediction or accelerate the process. The two primary
hyperparameters in the RF are n_estimators, which designate
how many trees are generated by the technique before optimum
voting or average forecasts are made. While the computation
takes longer when there are more trees, the speed is improved
and forecasts are more reliable. The max depth establishes the
highest height at which a forest’s trees can grow. One of the
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Figure 11. General steps of the ML algorithm: random forest (RF).

essential hyperparameters for improving model accuracy is this 4.1. Performance Evaluation Metrics for Developed
ML Models. There are various performance evaluation metrics

JB7 commonly used to assess the effectiveness of the predictive ML

one
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Summary Report for Specific Wear Rate

Anderson-Darling Normality Test

A-Squared 2.59
P-Value <0.005
Mean 0.055000
StDev 0.039268
Variance 0.001542
Skewness 1.65038
Kurtosis 3.51286
N 75
Minimum 0.004740
1st Quartile 0.030630
Median 0.045495
3rd Quartile  0.072170
Maximum 0.192969
000 004 008 012 020 95% Confidence Interval for Mean
0.045965 0.064035
_E ¥ ¥ 95% Confidence Interval for Median
0.038549 0.052959
95% Confidence Interval for StDev
0.033834 0.046797
95% Confidence Intervals
Mean I °
Median * |
0.040 0.045 0.050 0.055 0.060 0.065

Figure 12. Descriptive statistics results: Anderson—Darling normality tests for the specific wear rate.

models. These metrics are essential for quantifying how well a
model’s predictions match the actual data. The root-mean-
square error (RMSE), eq 10, measures the average square root of
the squared differences between predicted values (AN;) and
actual values (AV;). It provides a measure of the average
prediction error, with lower values indicating better model
performance. The mean-square error (MSE), eq 11, is similar to
RMSE but without taking the square root. It measures the
average of the squared differences between the predicted and
actual values. Like the RMSE, lower MSE values indicate better
model performance. The coefficient of determination (R*), eq
12, signifies the proportion of variance in the dependent variable
(actual values) that is explained by the independent variable
(predicted values). It ranges from O to 1, with higher values
indicating a better fit of the model to the data. An R-squared of 1
means that the model explains all of the variance, while 0 means
it explains none. The mean absolute error (MAE), eq 13,
measures the average absolute differences between predicted
and actual values. It provides a straightforward assessment of the
average prediction error, but it does not penalize large errors as
strongly as RMSE. The maximum error (maxi. error), eq 14,
calculates the largest absolute difference between a predicted
value and an actual value. It identifies the single worst prediction
in the data set. The median absolute error (MedAE), eq 15, is
similar to MAE but uses the median instead of the mean to
calculate the average absolute differences between predicted and
actual values.”* It is less sensitive to outliers in the data
compared to mean-based metrics like MAE or RMSE.**”*

N 2
RMSE = \/Zi=1 (AN, — AV)
N (10)

_1 AN
MSE = — D7 (AV - AN) ()

() — (T0)(Ey)
\/[z - (fx)][an - (fy)]

(12)

1
MAE=EZIAV1.—ANI 13)
maxi. error = (AV, — AN,) (14)
MedAE = (IAV, — median(AV})I) (15)

4.2. Application of the Random Forest to Predict the
Specific Wear Rate and the Coefficient of Friction. The RF
algorithm was employed to forecast the values of the SWR and
COF. For the RF model, experimental data were used, and each
experiment was conducted three times using the L,; Taguchi
orthogonal array. It is a common practice in machine learning to
divide experimental data into two distinct subsets for model
development and evaluation purposes. The first subset, known
as the training data set, is utilized to train the model. In contrast,
the second subset, referred to as the testing data set, is employed
to assess the model’s performance. It is customary to express the
ratio of training to testing samples as a percentage, such as 90:10,
85:15, 80:20, and 70:30, with a cumulative ratio of 100%.”° For
this specific study, an 80:20 ratio was selected as the most
appropriate split. In this study, the models were trained using
data from 60 experimental runs, and their performance was
subsequently evaluated using data from the remaining 15 runs.
The experimental runs encompassed a wide range of values for
process parameters, spanning the lower, middle, and higher
ranges to ensure comprehensive coverage during both model
training and evaluation. The RF model was implemented using
Python library version 2.7.18 on a computer system with the
following specifications: an 11th Gen Intel i5-1135G7 processor
clocked at 2.40 GHz X 8, Mesa Intel Xe Graphics (TGL GT2),
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Summary Report for Coefficient of Friction

02

03 04 05 06

07

Anderson-Darling Normality Test

95% Confidence Intervals

A-Squared 0.79
P-Value 0.039
Mean 0.43384
StDev 0.16662
Variance 0.02776
Skewness 0.340801
Kurtosis -0.294679
N 75
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3rd Quartile 0.52888
Maximum 0.81578
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Figure 13. Descriptive statistics results: Anderson—Darling normality tests for the coefficient of friction.

16 GB RAM, and the Ubuntu 22.04.2 LTS 64-bit operating
system.

To assess the normality of the raw data, we employed the
Anderson—Darling test, a statistical technique for identifying
departures from a specific probability distribution. The test is
particularly effective in detecting deviations from a normal
distribution when determining whether such a distribution can
adequately describe the data set. Figure 12 displays the results of
the Anderson—Darling normality test applied to the SWR data.
The experimental data for the SWR yielded an A-squared value
of 2.59, accompanied by a p-value less than 0.00S5. The data
exhibited a mean of 0.055, a standard deviation of 0.0392, and a
variance of 0.001542. The minimum observed SWR value was
0.0047 mm>/Nm, while the maximum value was 0.0459 mm?/
Nm. Figure 13 presents the results of the Anderson—Darling test
for the COF data. The raw experimental data for the COF had
an A-squared value of 0.79, with a p-value of less than 0.005. The
COF data displayed a mean value of 0.433, a standard deviation
of 0.1666, and a variance of 0.0277. The minimum observed
COF value was 0.1696, while the maximum was 0.8157.

RF regression modeling of the SWR and COF was performed
based on primary hyperparameters, and random search was
applied to find the best hyperparameters.

Fine-tuned hyperparameters for the SWR are as follows:

® n_estimators: 200
min_samples_split: 2
min_samples leaf: 1
max_features: log2

max_depth: S
Fine-tuned hyperparameters for the COF are as follows:

n_estimators: 50
min_samples_split: 2
min_samples leaf: 1

.
.
.
e max_features: sqrt
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e max depth: §
The performance metrics attained are shown in Table 10. The
performance metrics of the RF model were assessed for two

Table 10. Performance Metrics of the RF

performance metric specific wear rate coefficient of friction

R? 0.9646 0.9334
MSE 1.9910 0.0016
MAE 0.0036 0.0325
RMSE 0.0045 0.0401
RAE 1.2004 0.5168
RSE 0.7339 0.6092
correlation coefficient 0.9936 0.9883

essential parameters: the SWR and COF. The RF model
performed exceptionally well in both aspects. In the case of the
SWR, the model exhibited a high R? value of 0.9646, indicating
that it explained approximately 96.46% of the variance in the
data.

Additionally, low MSE and MAE values of 1.9910 and 0.0036,
respectively, showcased the model’s ability to make highly
accurate predictions with minimal errors. The COF was also
predicted effectively with an R of 0.9334 and an exceptionally
low MSE and MAE of 0.0016 and 0.0325, respectively. An RSE
value of 0.7339 for the SWR indicates that the model’s squared
errors account for approximately 73.39% of the total variation.
The correlation coeflicient measures the strength and direction
of the linear relationship between predicted and actual SWR
values. High values of 0.9936 and 0.9883 for the SWR and COF
indicate a strong positive linear relationship. These results
suggest that the RF model is adept at capturing and explaining
the variability in both the SWR and COF, providing valuable
insights and accurate predictions for these crucial parameters.
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Table 11. Descriptive Statistics of Absolute Error for the RF
Model on the Testing Data of 20 Sets

To gain insights into how well the model is performing, the
SWR and COF models’ actual versus predicted values are shown

in Figure 14. In addition, 1S tests were conducted to validate the

statistics absolute error SWR absolute error COF
Actual vs Predicted mean 0.0036 0.0325
SE mean 0.0007 0.0063
z %% Y StDev 0.0028 0.0243
g el variance 0.0000 0.0006
E 0.08 /,f’ CoefVar 76.790 74.780
o« /’. minimum 0.0003 0.0013
z ot Q1 0.0006 0.0094
L s
© 0.06 ot median 0.0040 0.0303
i o.- @
5 " Q3 0.0060 0.0477
QL '
2 e maximum 0.0089 0.0757
1=
£ 0.041 8 range 0.0085 0.0744
© -®
# 2
<
2 0o, g Table 12 provides descriptive statistics for the actual and
é o °.7 predicted values of the SWR and COF.
£ .~
//
. . . . . Table 12. Descriptive Statistics of the Actual and Predicted
0.02 0.04 0.06 0.08 0.10
Actual Specific Wear Rate SWR (mm3/Nm) SWR and COF
sample N mean StDev SE mean
(@ actual SWR 15 0.0426 0.0246 0.0063
predicted SWR 15 0.0440 0.0210 0.0054
Actual vs Predicted actual COF 15 0.3884 0.1609 0.0415
. predicted COF 15 0.3904 0.1256 0.0324
s
s
0.7 - o . .
g . Table 13 presents estimations for the paired differences
e el between the actual and predicted values for the SWR and COF.
5 oo
ko] -
& e Table 13. Estimation for the Paired Difference of the Actual
S 05+ & and Predicted SWR and COF*
= s, o
ki L
& »~° estimation for the paired difference
T 0.4
S ® g/{gs mean StDev SE mean  95% CI for p_difference
o 4
£ o3l 7 SWR  —0.00138 000439  0.00113 (~0.00382, 0.00105)
2| o L COF  —0.002 0.0415 0.0107 (~0.0249, 0.0210)
o ,
% // “u_difference: population mean of (actual — predicted).
021 2
02 03 o os o6 o7 These paired differences represent how much the model’s

Actual Coefficient of Friction (COF)

(b)
Figure 14. Actual vs predicted (a) SWR and (b) COF.

RF algorithm to predict SWR and COF model findings by
examining the difference between the actual and predicted
results. A graph was plotted with the actual SWR values on one
axis and the predicted SWR values on the y-axis, which is known
as a scatter plot. From Figure 14a for the SWR and Figure 14b
for the COF, the RF model’s predictions were flawless; all points
almost lie on a straight line with a slope of 1 (y = x), representing
a perfect match between actual and predicted values of the SWR
and COF. Descriptive statistics for the absolute error between
predicted and actual values of the SWR and COF are
summarized in Table 11.

4.2.1. Statistical Validation of the RF Model. The statistical
validation of the RF model was conducted for two performance
responses, the SWR and COF, using a mean-paired ¢ test.”” The
test is often used to assess whether there is a statistically
significant difference between two sets of paired observations.

predictions deviate from the actual values. Table 14 displays the

Table 14. Test Results: Paired ¢ Tests”

T-value P-value
SWR —-1.22 0.242
COF —0.18 0.857

“Null hypothesis Hy: p_difference = 0; alternative hypothesis H;:
y_difference # 0.

paired t test results, which assess whether the observed
differences between actual and predicted values are statistically
significant. The null and alternative hypotheses are as follows:

e Null hypothesis (H,): p_difference = 0, meaning that
there is no significant difference between actual and
predicted values.

e Alternative hypothesis (H,): y_difference # 0, indicating
a significant difference between actual and predicted
values.

In the case of the SWR, the t-value is —1.22, and the p-value is
0.242. Since the p-value is not smaller than the typical
significance level of 0.0S, there is no substantial evidence to
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reject the null hypothesis for the SWR, implying that the model’s
predictions are statistically similar to the actual values. For the
COF, the t-value is —0.18, and the p-value is 0.857. Again, the p-
value is not smaller than 0.05, indicating that there is no
significant difference between the actual and predicted values for
the COF based on the statistical test. The results of the paired t
test suggest that there is no statistically significant difference
between the actual and predicted values for both the SWR and
COF, indicating that the RF model appears to be statistically fit
for these performance responses.

4.3. Practical and Theoretical Implications. This
research has both practical and theoretical consequences for
materials science and chemistry. The findings provide valuable
recommendations for improving the woven ASF composites.
The research provides practical insights into the construction,
automotive, and packaging sectors by discovering the most
advantageous fiber fraction for increasing the mechanical
characteristics and tribological performance. This knowledge
can be used by manufacturers and engineers to customize ASF
composites to their unique needs, resulting in materials that not
only are environmentally benign but also perform well in real-
world applications.

Theoretically, this research contributes to a better under-
standing of the complex link between fiber percentage and
composite characteristics. This study establishes a solid platform
for further theoretical inquiry in materials science and chemistry
by studying how modifying the concentration of ASF fibers
affects attributes such as the density, void fraction, tensile
strength, modulus, flexural strength, and impact strength. It
encourages scientists and researchers to dive further into these
composites’ underlying chemical and mechanical interactions.
The theoretical progress adds to the academic knowledge base
and provides a foundation for developing new ideas and models
in these disciplines. The study provides practical business
answers while enhancing the theoretical background in materials
science and chemistry.

5. CONCLUSIONS

Epoxy composites reinforced with woven areca sheath fiber at 0,
12, 24, 36, and 48% fiber fractions were tested and evaluated for
their tribological responses on a three-body abrasion wear
testing machine, as well as their mechanical and physical
properties, and the following conclusions were drawn:

e As the fiber fraction rises, the composite’s density
increases from 1.1374 to 1.150 g/cm3, and its void
fraction rises from 0.261 to 3.8%.

The results indicate that the composite with a 48% fiber
loading possesses superior mechanical properties to the
others, including a greater tensile strength (104 MPa),
tensile modulus (4.22 GPa), flexural strength (52.84
MPa), surface hardness (84.26 HRB), impact strength
(64.26 J), and interlaminar shear strength (4.68 MPa).
The composite sample with a fiber weight percentage of
36 wt % (M36) exhibited a low SWR as the Vg was
increased and alow COF when subjected to a normal load
of 20 N.

The specimen M24, which contains 24 wt % areca sheath
fibers, demonstrates the lowest COF due to the
application of Vg and Nj. In contrast to the M12
specimen, which exhibits fiber fracture, exposed fibers,
wear debris, and cracks that result in poor SWR at high
loads (50 N), the M36 specimen exhibits less destruction
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of fiber bonding with the matrix at high V5, as evidenced
by the morphology of the worn surfaces. Utilizing
ANOVA techniques, the wear test outcomes were

validated.

The RF model demonstrates strong predictive perform-
ance for both the SWR and COF, with high R-squared
values indicating a good fit to the data.

For the SWR, the model has a low MSE (1.9910) and a
very low MAE (0.0036), signifying accurate predictions
with minimal errors. For the COF, the model also exhibits
a low MSE (0.0016) and a reasonable MAE (0.0325),
indicating accurate predictions with a slightly larger
average error compared to the SWR.

The statistical validation through the paired ¢ test
confirms no statistically significant difference between
the actual and predicted values for both the SWR (p-value
=0.242) and COF (p-value = 0.857). These quantitative
results collectively suggest that the RF model is highly
reliable and effective for predicting the SWR and COF.

5.1. Limitations. It is vital to recognize the various
limitations in this study. First, while controlled laboratory
settings are necessary for controlled tests, they may not fully
reproduce the complex and dynamic situations that ASF
composites would encounter in real-world applications. As a
result, the findings should be taken with the possibility of
changes in real usage and long-term material behavior in mind.
Second, the intrinsic variety of natural fibers, such as woven ASF,
brings an element of randomness into the outcomes. Natural
materials” characteristics can change according to climate, soil
conditions, and growth differences. These changes might have
an effect on the consistency of the experimental results.
Furthermore, while the study shows the random forest machine
learning model’s usefulness in forecasting the SWR and COF, it
only focuses on one specific machine learning model. Future
studies might look at alternative machine learning models or mix
different models to grasp this sector’s predictive potential better.

5.2. Future Directions. Several future approaches might be
followed to expand on the present research and solve these
constraints. One possible route is the study’s expansion to
analyze ASF composites’ environmental effects and biodegrad-
ability. A more extensive examination can give a more
comprehensive view of the sustainability of these materials
and their potential environmental benefits. Furthermore,
combining several machine learning models and sophisticated
analytical approaches in a multimodal analysis approach might
result in a more thorough knowledge of ASF composites and
their characteristics. The multipronged approach has the
potential to give deeper insights into the complicated
interactions that occur inside these materials. Another path for
future study is to investigate the practical usability of ASF
composites in various sectors and undertake field tests in real-
world settings. The validation method ensures that laboratory
findings are efficiently transferred to practical and industrial
contexts. Finally, exploring the prospects of mixing ASF with
other natural or synthetic fibers to generate hybrid composites
with improved characteristics is a fascinating field of research.
Researchers may be able to build composites with more
outstanding performance and expand application possibilities by
combining diverse materials. These future avenues have the
potential to enhance the area and provide remedies for the
constraints observed in this study.

https://doi.org/10.1021/acsomega.3c08164
ACS Omega 2024, 9, 8019-8036


http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.3c08164?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

ACS Omega

http://pubs.acs.org/journal/acsodf

B ASSOCIATED CONTENT

Data Availability Statement
All the data used to support the findings of this study are
included in the article.

B AUTHOR INFORMATION

Corresponding Authors

Raman Kumar — Department of Mechanical and Production
Engineering, Guru Nanak Dev Engineering College, Ludhiana,
Punjab 141006, India; © orcid.org/0000-0003-2934-7609;
Email: sehgal91@yahoo.co.in

Ketan Kotecha — Symbiosis Centre for Applied Artificial
Intelligence, Symbiosis Institute of Technology, Symbiosis
International University Pune, Pune 411014, India;
Email: director@sitpune.edu.in

Authors

Suresh Poyil Subramanyam — Department of Mechanical
Engineering, Alva’s Institute of Engineering and Technology,
Mijar, Karnataka 574225, India

Dilip Kumar Kotikula — Department of Mechanical
Engineering, K S Institute of Technology, Bengaluru,
Karnataka 560109, India

Basavaraju Bennehalli — Department of Chemistry, MV]
College of Engineering, Bengaluru, Karnataka $60067, India

Atul Babbar — Department of Mechanical Engineering, SGT
University, Gurugram, Haryana 122508, India

Sagr Alamri — Department of Mechanical Engineering, College
of Engineering, King Khalid University, Abha 61421, Saudi
Arabia

Alaauldeen A. Duhduh — Department of Mechanical
Engineering Technology, CAIT, Jazan University, Jazan
45142, Saudi Arabia

Ali A. Rajhi — Department of Mechanical Engineering, College of
Engineering, King Khalid University, Abha 61421, Saudi
Arabia

Complete contact information is available at:
https://pubs.acs.org/10.1021/acsomega.3c08164

Notes
The authors declare no competing financial interest.

B ACKNOWLEDGMENTS

The authors extend their appreciation to the Deanship of
Scientific Research at King Khalid University, Saudi Arabia, for
funding this work through the Research Group Program under
Grant No. RGP. 2/84/44.

B NOMENCLATURE

MPa = megapascal

dB = decibels

wt % = percentage by weight
HRB = hardness Rockwell B
FM = flexural modulus

TS = tensile strength

TM = tensile modulus

IS = impact strength

ILSS = interlaminar shear strength
T, = theoretical density

M, = measured density

V = void fraction

DF = degrees of freedom
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adj SS = adjusted sums of squares
adj MS = adjusted mean of squares
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