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ARTICLE INFO ABSTRACT
Keywords: This study explores the tensile behavior of epoxy composites reinforced with agricultural waste—walnut,
Biomass composites almond, and pistachio shell particles—at weight fractions of 10%, 15%, and 25%. Composites were fabricated

Epoxy resin

via hand lay-up, and mechanical properties were evaluated according to ASTM D3039 standards. Scanning
Tensile properties

o Electron Microscopy (SEM) analysis revealed uniform particle dispersion and strong matrix-filler adhesion in

Artificial neural networks . . . . 3 s . . . .
walnut composites, while almond and pistachio composites exhibited particle agglomeration and microvoids at

Response surface methodology . ! X K . . . N

ANOVA higher loadings. Tensile testing showed that walnut-filled composites achieved the highest strength (105.12
MPa) and ductility (strain ~4.9%), whereas almond and pistachio fillers reached peak strength at intermediate
loadings but suffered reduced elongation due to interfacial defects. Artificial Neural Networks (ANNs) accurately
predicted tensile stress, strain, and young's modulus, with regression coefficients close to 0.99, while Response
Surface Methodology (RSM) identified the optimal combination of filler type, weight fraction, and cross-sectional
area for maximizing tensile performance. These results demonstrate that both filler selection and loading criti-
cally influence composite properties, and that Al-driven modeling provides a reliable tool for predicting and
optimizing the mechanical behavior of biomass-reinforced epoxy composites.

* Corresponding author.
** Corresponding author. Department of Computing, Mathematics and Electronics, “1 Decembrie 1918” University of Alba Iulia, 15, 510009, Alba Iulia, Romania.
**% Corresponding author. College of Engineering and Architecture, Gulf University for Science and Technology, Mishref, Kuwait.
E-mail addresses: marouamoudjari@gmail.com (M. Moudjari), rHafez@imamu.edu.sa (R.M. Hafez), omaralhelali535@gmail.com (O.A. Alhelali), nabil talbi@
yahoo.fr (N. Talbi), Kezzar m@yahoo.com (M. Kezzar), farhan.lefta@uokerbala.edu.iq (F.L. Rashid), sari_rafikl0@yahoo.fr (M. Rafik Sari), alzuheiri@meu.edu.jo
(A.M. Al-Zuheiri), yazen_awaida@yahoo.com (Y.M. Alawaideh), lucian.papo@aub.ro (I.-L. Popa), ibmaharig@gmail.com (I. Mahariq).

https://doi.org/10.1016/j.jmrt.2026.07.281

Received 30 March 2026; Received in revised form 28 June 2026; Accepted 29 July 2026

Available online 1 August 2026

2238-7854/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).


mailto:marouamoudjari@gmail.com
mailto:rHafez@imamu.edu.sa
mailto:omaralhelali535@gmail.com
mailto:nabil_talbi@yahoo.fr
mailto:nabil_talbi@yahoo.fr
mailto:Kezzar_m@yahoo.com
mailto:farhan.lefta@uokerbala.edu.iq
mailto:sari_rafik10@yahoo.fr
mailto:alzuheiri@meu.edu.jo
mailto:yazen_awaida@yahoo.com
mailto:lucian.papo@aub.ro
mailto:ibmahariq@gmail.com
www.sciencedirect.com/science/journal/22387854
https://www.elsevier.com/locate/jmrt
https://doi.org/10.1016/j.jmrt.2026.07.281
https://doi.org/10.1016/j.jmrt.2026.07.281
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jmrt.2026.07.281&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

M. Moudjari et al.

Abbreviations
ANN Artificial Neural Network
RSM Response Surface Methodology
SEM Scanning Electron Microscopy
MPa Megapascal
wit% Weight Percent
ASTM  American Society for Testing and Materials
DOEs Design of Experiments
LY556 Epoxy Resin Grade LY556
HY951 Epoxy Hardener HY951
MSE Mean Squared Error
Wb Walnut Biomass
Ab Almond Biomass
Pb Pistachio Biomass
1. Introduction

Many researchers have been studying the use of natural fibers as
load-bearing components in composite materials during the past few
years [1]. A multi-phase system made of reinforcing and matrix mate-
rials is called a composite material [2]. The matrix provides strength and
stiffness for structural loads by defining the composite material's vol-
ume, combining the reinforcing agent, and evenly distributing the
applied load to reinforcements [3].

Powder-reinforced polymers with a thermoset or thermoplastic ma-
trix are called polymer matrix composites (PMCs). Because of their high
strength-to-weight ratio, ease of fabrication, and affordability, polymer
matrix composites (PMCs) are frequently utilized in a range of in-
dustries, including automobiles, ships, and structural applications [4,5].
Synthetic fibers like glass, carbon, boron, and graphite, or natural fibers
like sisal, hemp, flax, bamboo, coir, and jute can be used to strengthen
polymeric composites. Because of their low density, environmental ad-
vantages, and affordability [6], natural fiber composites are appropriate
for construction [7], packing [8,9], automobile interiors [10,11], and
storage equipment.

Powder biomass content, length, organization, and matrix bonding
all directly affect a bio composite's properties. Because the various
particles employed in composites are independent, their properties have
varied effects. Additionally, the demand for natural composites has
grown in recent years due to weight reduction and easy access to rein-
forcement. An alternate material for the interiors of cars, ships, air-
planes, and spacecraft is reinforced composite. Numerous researchers
have documented the mechanical characteristics of natural fiber rein-
forced polymer composites and identified the qualities that are suitable
for use in industrial settings [12].

The tensile and flexural properties of epoxy composites reinforced
with coconut shell ash were studied by Rahul et al. [13]. It was
intriguing to note that, when compared to clean epoxy and coconut shell
ash heated to 600 °C, the coconut shell ash cooked to 800 °C produced
the maximum tensile and flexural strength at 20% filler. According to
Olumuyiwa et al. [14], after 120 h of testing, coconut shell particles with
a 25% weight percentage demonstrated superior resistance to water
absorption. However, it was found that polyethylene composites with a
25% fraction had the lowest tensile strength.

Agricultural residues, such as walnut, almond, and pistachio shells,
are produced in large quantities globally and often disposed of as waste,
leading to environmental pollution. Utilizing these residues as rein-
forcement in polymer composites not only provides a sustainable solu-
tion for waste management but also reduces the dependence on
petroleum-based materials. Recent studies have demonstrated that the
type of biomass filler, its particle size, chemical treatment, and weight
fraction significantly affect the tensile, flexural, and impact properties of
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biocomposites. For instance, uniform particle dispersion and strong
matrix-filler adhesion enhance load transfer and ductility, whereas filler
agglomeration and interfacial voids can act as stress concentrators,
reducing mechanical performance.

Despite the growing interest in biomass-reinforced epoxy compos-
ites, traditional trial-and-error approaches to optimize filler type and
content are time-consuming, resource-intensive, and often insufficient
for predicting performance across multiple variables. To address this
limitation, Artificial Intelligence (AI) techniques, particularly ANNs, and
statistical methods like Response RSM have gained attention as efficient
tools for predicting and optimizing composite properties [15].

ANNSs are capable of modeling complex, nonlinear relationships be-
tween input parameters (such as filler type, weight fraction, and cross-
sectional area) and output responses (tensile strength, strain, and
young's modulus) [16]. Similarly, RSM provides a structured statistical
framework to analyze the effects of multiple factors and their in-
teractions on a response variable, enabling identification of optimal
process conditions with minimal experimental effort [17].

The integration of Al-driven predictive modeling and statistical
optimization facilitates tailored design of sustainable epoxy composites
with targeted mechanical properties [18]. For example, by training an
ANN on experimental data, researchers can accurately predict tensile
performance for a range of filler types and weight fractions without
performing exhaustive physical tests [19]. RSM can then be employed to
optimize these parameters to achieve maximum tensile strength or
ductility [20]. This combination of computational modeling and
experimental validation offers a robust, efficient approach for devel-
oping high-performance, eco-friendly composites, suitable for structural
and engineering applications where both mechanical performance and
sustainability are required.

Furthermore, morphological characterization techniques, such as
SEM, play a pivotal role in understanding the microstructural mecha-
nisms governing composite behavior. SEM analysis provides insights
into particle dispersion, interfacial bonding, and the presence of
microvoids, which directly correlate with tensile performance. By link-
ing SEM observations with Al and statistical predictions, it is possible to
establish a comprehensive understanding of the structure-property re-
lationships in biomass/epoxy composites, paving the way for rational
design strategies.

In this study, we focus on the tensile behavior of epoxy composites
reinforced with walnut, almond, and pistachio shell particles at various
weight fractions (10%, 15%, and 25%). Composites were fabricated
using the hand lay-up method, and their mechanical performance was
evaluated according to ASTM standards. SEM was employed to inves-
tigate particle dispersion and interfacial adhesion [21]. Subsequently,
ANN models were developed to predict tensile stress, strain, and young's
modulus, while RSM was utilized to optimize the combination of filler
type, weight fraction, and cross-sectional area for maximum perfor-
mance. This research demonstrates the synergistic application of Al and
statistical methods in designing sustainable composites and provides a
guideline for utilizing agricultural waste to produce high-performance,
environmentally friendly materials.

Overall, this work aims to contribute to the growing body of
knowledge on biomass-reinforced epoxy composites by integrating
experimental characterization, Al-based predictive modeling, and sta-
tistical optimization. The outcomes highlight the potential of agricul-
tural waste fillers in achieving mechanically robust and sustainable
polymer composites, and emphasize the importance of computational
tools in accelerating material development while minimizing experi-
mental effort. By addressing the interplay between filler characteristics,
mechanical performance, and Al-driven optimization, this study pro-
vides a framework for the rational design of next-generation eco-friendly
composites suitable for industrial applications, it's also particularly
relevant since it also addresses the valorization of agricultural waste as
reinforcement in polymer matrix composites who will help better posi-
tion the mechanical performance of the composites developed in the
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present work relative to other bio-based hybrid systems [22].

In contrast to the previously reported work, which usually predicted
only a particular property of natural fiber composites, our work is
unique in three aspects: (i) systematic experimental characterization is
presented for three different agricultural waste fillers (walnut, almond,
and pistachio), (ii) dual-model predictive analytics is used where ANN
and RSM are used concurrently in a single framework to make use of
their complementary learning strengths; ANN's ability to capture
nonlinearity and RSM's factor interaction analysis capabilities, and (iii)
quantitative sustainability metrics are provided in the form of pre-
liminary lifecycle assessment that goes beyond the qualitative environ-
mental claims. More importantly, we relate predictive outputs to the
microstructural evidence from SEM to draw mechanistic structure-
property relationships, which are rarely done in previous statistical
modeling studies. The comparative analysis also indicates that both
models are accurate and reliable, however, ANN reaches higher accu-
racy (R2~0.96) while RSM helps to establish practical design guidelines
by determining which factors are dominant for tensile stress, weight
fraction, and interaction of both factors in Young's modulus. This is a
novel synergistic integration of experimental characterization, dual-
model prediction and sustainability assessment methods, which are
new in the published literature and bring together a holistic framework
in the form of an Al-based design of sustainable high-performance
biocomposites.

2. Materials and methods

The materials used to produce the composites and the methodology
employed are detailed as follows.

2.1. Raw materials used

Walnut shells, almond shells, and pistachio shells were first washed
with warm water to remove sand and other impurities. The washed
shells were then chemically treated with a 10% NaOH solution for 30
min and 90 min, respectively, and subsequently neutralized by washing
with acetic acid. Afterward, the materials were thoroughly rinsed with
distilled water until all traces of acetic acid and NaOH were removed.
The treated walnut, almond, and pistachio shells were then solar-dried.

The dried shells were hammer-milled and further ground using a
grinding machine to reduce their particle sizes. The resulting particles
were sieved through 840 pm and 1600 pm BS sieves to obtain fine and
uniform particle sizes.

Epoxy LY556, the matrix material used in this work, and the
matching hardener HY951 were obtained from Javanthee Enterprises in
Chennai, India. Table 1 displays the physical characteristics of the raw
materials used in this study.

2.2. Composite fabrication

In this study, composite samples were fabricated using different
weight percentages (10%, 15%, and 25%) of three types of biomass
fillers—walnut shell, almond shell, and pistachio shell particles (Fig. 1).
The fillers were first cleaned, dried, and chemically treated to remove
impurities and enhance compatibility with the polymer matrix. Epoxy
LY556 resin and Hardener HY951 were used as the matrix system, mixed

Table 1

Physical properties of epoxy resin [23].
SL. No Properties Epoxy
1 Density, g/cm® 1.1-0.14
2 Tensile Strength, MPa 35-100
3 Elastic Modulus, GPa 3-6
4 Elongation, % 1-6
5 Water Absorption (24 Hrs in %) 0.1-0.4
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in a 10:1 resin-to-hardener ratio [24]. The names of several composi-
tions are displayed in Table 2.

The composites were prepared using the hand lay-up technique. The
treated biomass particles were gradually incorporated into the resin-
—hardener mixture and stirred thoroughly to achieve a uniform disper-
sion. The mixture was then poured into molds with varying cross-
sectional areas of 100 mm?, 110 mm?, and 120 mm? to produce speci-
mens suitable for tensile testing. A brush or roller was used to spread the
mixture evenly and remove trapped air bubbles.

After pouring, the laminates were allowed to cure at room temper-
ature for 24 h. Post-curing was performed where necessary to enhance
mechanical properties. Once cured, the composite plates were removed
from the molds and cut into standard tensile test specimens, each
specimen labeled with its cross-sectional area, biomass type, and filler
weight percentage.

Finally, the fabricated composite plates were cut into standard test
specimens in accordance with the required testing standards for further
evaluation of their mechanical properties.

The three-level RSM design enables the modeling of nonlinear trends
and predicts that the optimal filler content lies within the range of
10-25 wt% for each filler.

The biomass filler contents of 10, 15, and 25 wt% were selected
based on previous studies and preliminary processing trials. Filler con-
tents lower than 10 wt% generally provide limited reinforcement effi-
ciency, whereas contents exceeding 25 wt% often promote particle
agglomeration, poor wetting, increased porosity, and reduced mechan-
ical performance. Therefore, this range was considered suitable for
investigating the effect of biomass loading on the tensile behavior of
epoxy composites while ensuring adequate processability and filler
dispersion.

2.3. Mechanical testing of composites

The specimens were prepared for tensile testing in accordance with
ASTM D3039 and D3039M standards for biocomposites [25]. Volume
fraction has a significant impact on the composite's characteristics [26].
The test specimen is inserted into the testing apparatus and gradually
extended until it fractures. The gauge section's elongation is measured in
relation to the applied force throughout this procedure. Fig. 1 depicts the
tensile testing apparatus and the specimen following failure.

All reported data are presented as mean values =+ standard deviation
(SD), while the errors bars shown in the figures and tables represent the
variability among replicate specimens.

2.4. Microscopy characterization

The morphological images of the biocomposites were examined
using a scanning electron microscope. Before morphological analysis, a
thin portion of the sample was sputter-coated with gold and placed to an
aluminum stub using conductive silver paint. The SEM micrographs
were acquired using standard secondary electron imaging techniques.

2.5. Artificial neural networks (ANNs)

Three separate layers make up the main framework of an ANN
model: the input layer, the hidden layer(s), and the output layer [27].
Neurons are a group of nodes found in each layer. The model receives
data through the input layer, processes it in the hidden layer(s), and then
produces the ANN outputs through the output layer [28].

One of the most widely used ANN architectures is the multilayer
feed-forward network, which is adopted in this study. In a feed-forward
neural network, information flows in a single direction—from the input
neurons to the hidden layer(s), and finally to the output
neurons—without feedback connections [29]. In this architecture, in-
formation flows unidirectionally from the input layer to the output layer
through the hidden layer(s), without feedback loops. Each neuron in one
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Fig. 1. Experimental process flow for the synthesis and mechanical tensile evaluation of agricultural waste-reinforced epoxy composites.

Table 2
Designation and detailed composition of Biocomposite specimens.
Material Designation Biomass filler Epoxy Resin Total
(wt%) (Wt%) (Wt%)
Walnut's biomass/ Wb 10%/ 10 20 100
epoxy epoxy
Wb 15%/ 15 85 100
epoxy
Wb 25%/ 25 75 100
epoxy
Almond's Ab 10%/ 10 920 100
biomass/epoxy epoxy
Ab 15%/ 15 85 100
epoxy
Ab 25%/ 25 75 100
epoxy
Pistachio's Pb 10%/ 10 920 100
biomass/epoxy epoxy
Pb 15%/ 15 85 100
epoxy
Pb 25%/ 25 75 100
epoxy

layer is fully connected to neurons in the subsequent layer via adjustable
synaptic weights, which are optimized during the training process [30].
Neurons in the input layer act as receivers of external data and transmit
signals to the hidden layer for processing. Each neuron consists of three
main components: weights, bias terms, and an activation function,
which may be linear or nonlinear depending on the model formulation
[31].

In this study, ANNs were employed as a predictive modeling tool to
estimate the tensile properties of biomass-reinforced epoxy composites,
including tensile stress, strain, and Young's modulus, based on key
processing parameters. A feedforward neural network with a single
hidden layer was developed, as illustrated in Figs. 2 and 3. The input
layer consisted of three neurons representing cross-sectional area (100,
110, and 120 mm?), biomass type (coded as walnut, almond, and pis-
tachio), and biomass weight fraction (10%, 15%, and 25%), while the
output layer contained three neurons corresponding to tensile stress,
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strain, and young's modulus.

The optimized network architecture included 9 neurons in the hid-
den layer, selected based on trial-and-error optimization to achieve
minimum prediction error. The tangent sigmoid (tansig) activation
function was used in the hidden layer to capture nonlinear relationships,
while a linear (purelin) activation function was applied in the output
layer to generate continuous mechanical property predictions.

The experimental dataset obtained from tensile testing was
normalized within the range of 0 to 1 to improve numerical stability and
computational efficiency. The dataset was randomly divided into
training (70%), validation (15%), and testing (15%) subsets. The
network was trained using the backpropagation algorithm with the
Levenberg-Marquardt optimization technique due to its fast conver-
gence and suitability for nonlinear regression problems. The training
process was conducted for a maximum of 1000 epochs, with early
stopping criteria applied based on validation performance to prevent
overfitting and ensure strong generalization capability [32]. The per-
formance of the ANN model was evaluated using the Mean Squared
Error (MSE), regression coefficient (RZ), and error distribution analysis.
The results demonstrated excellent agreement between predicted and
experimental values, confirming the robustness and predictive accuracy
of the developed ANN model. Similar approaches have been successfully
reported in previous studies [33,34].

The mathematical representation of the developed ANN model with
a single hidden layer is given by Equation (1):

ny n;
(S Souien) )
j=1 i-1

@

Where: x; denotes the input variables, ng” and w](,f ) are the connection

weights between layers, b;l) and b,((z) represent bias terms, f, and f, are
the activation functions of the hidden and output layers, respectively,
and yj represents the predicted outputs corresponding to the mechanical
properties.

The ANN model used a feedforward multilayer perceptron (MPL)
with an architecture of 3-9-3, with the number of neurons in the hidden
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Single hidden layer

Input layers

Section (mm?) ‘ ‘/

Type of biomass

Rate of biomass
(%)

Output layer

Tensile Stress (MPa),
Strain (%), and Young’s
modulus (GPa)

Fig. 2. Structural architecture of the multi-input multi-output (MIMO) artificial neural network (ANN) featuring a 3-9-1-layer topology configuration.

layer determined by an optimization process by trial and error, with
input values of cross-sectional area, biomass type and weight fraction,
and output values of tensile stress, strain and Young's modulus. The
tangent sigmoid (tansig) and linear (purelin) activation functions were
used in the hidden and output layers, respectively, with the Levenberg-
Marquardt algorithm for training. To ensure reproducibility, all data
were preprocessed with min-max scaling and then split into training
(70%), validation (15%) and testing (15%) sets, where the random seed
(42) was fixed. To avoid overfitting, the training was limited to 1000
epochs and early stopping was applied based on the validation perfor-
mance (patience: 6 epochs) and MSE as the loss function. The experi-
mental dataset was limited (n = 27), but hyperparameter sensitivity was
performed and the selected architecture was cross-compared with RSM
predictions to ensure that the model was reliable for interpolating
within the studied parameter space and had an excellent predictive ac-
curacy (R2 > 0.90).

2.6. Response surface methodology (RSM)

RSM includes statistical and mathematical methods for process
development and optimization as well as modeling and analysis of en-
gineering challenges. Another way to describe RSM is as a technique that
uses results analysis to produce smooth estimates of structural responses
[351.

Designing tests to precisely and consistently assess the accurate mean
response is the first stage in the RSM process for this investigation. The
next stage is to use an ideal (customized) design to plan and carry out
these trials. In particular, three factors—Section (mm?), biomass rate,
and biomass type—each with three levels were evaluated using nine
model points, as shown in Table 3. The capacity to estimate ideal set-
tings for the independent variables, identify main effects, and determine
interaction effects on the response variable are the key benefits of uti-
lizing this full factorial design of experiments (DOEs).

It is thought to be approximate since the precise link between the
independent variables and the response is not entirely understood.
Consequently, this relationship is modeled using a second-order poly-
nomial [36].

The determination coefficient R? is used to evaluate the model's
predictive power. An R? score close to 1 indicates a well-fitting model.
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Analysis of variance (ANOVA) is used to verify the validity of the model
in order to examine model significance and fit, plot response surfaces,
and analyze and classify the interaction and reliance on Section (mm?),
biomass rate, and biomass type, factors on the process under study. The
regression R? determination coefficient is calculated using Equation (2),
where yi represents the estimated response value at the ith experiment,
(yi)- represents the measured value at the ith experiment, and y repre-
sents the average value of measured responses.
n n

Y= X+

= j=1

n—1 n
BiX? ) BXiX; + B @

=1 j=2
wherej=1,2,3..,nand[=1,2,3..,n— 1.
3. Results and discussion

3.1. Tensile test

Fig. 4 presents the tensile stress-strain curves of epoxy composites
reinforced with walnut (Wb), almond (Ab), and pistachio (Pb) biomass
at weight fractions of 10%, 15%, and 25%. The curves reveal significant
differences in mechanical behavior depending on the filler type and
content.

Overall, walnut-based composites show the most stable mechanical
response, combining high strength (~105 MPa at 25 wt%) with nearly
preserved ductility. This indicates efficient stress transfer and delayed
damage localization, consistent with well-bonded particulate systems
where interfacial adhesion is the dominant factor controlling load
transfer efficiency in natural fiber/particle composites [37,38].

In contrast, almond-based composites demonstrate a
strength—ductility trade-off at higher loading. Although strength in-
creases with filler content, strain decreases at 25 wt%, suggesting that
agglomeration and weak interfacial bonding progressively dominate the
deformation process. This behavior is typical of particulate composites
where particle clustering creates stress concentration sites that promote
early microcrack initiation and unstable fracture [39,40].

Pistachio-based composites exhibit a different evolution, with both
strength and ductility improving simultaneously at higher loading. The
attainment of high strength (~105 MPa) together with relatively high
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Input
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\ [

Outpuﬁ
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Fig. 3. Topological architecture of the 3-9-1 feedforward artificial neural

network (ANN) used for predictive modeling.

strain (~11-12%) suggests more progressive damage development and

better energy dissipation compared to almond systems. However, failure
still occurs through particle pull-out and interfacial debonding, con-
firming that fracture is interface-controlled, as commonly reported in
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Table 3

Input factors and their levels for RSM experimental design.

Factor Type Level  Value

A: Section (mm?) Fixed 3 100, 110, 120

B: Type of biomass Fixed 3 1 (Walnuts), 2 (Almonds), 3 (Pistachios)
C: Rate of biomass (%) Fixed 3 10, 15, 25

a) e Wb 10%/€pOXY
( e Wb 15%/€poOXy
e Wb 25%/epox
100+ vepoxy
T
o
S
)
0
[
=
(0]
o 504
®
c
()
>4
0-f T T T T T T
0 2 4 6 ) 8 10 12
Strain (%)
(b) = Ab 10%]/epoxy
= Ab 15%/epoxy/
— 9
100 - Ab 25%lepoxy!
T
o
= 75
n
n
£
(7]
o 50
@
s
-
254

2 3
Strain (%)

(c)

100

75

50

Tensile Stress (MPa)

25

p===Pb 10%/epoxy
== Pb 15%l/epoxy

== Pb 25%l/epoxy

6
Strain (%)

Fig. 4. Experimental tensile stress-strain behavior of bio-composites at varying
biomass loading weight fractions (10%, 15%, and 25%): (a) walnut biomass
(Wb/epoxy), (b) almond biomass (Ab/epoxy), and (c) pistachio biomass

(Pb/epoxy).

natural filler-reinforced epoxy systems [41].
These tensile results correlate well with the SEM micrographs, con-
firming that filler type and content strongly influence mechanical
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performance. Walnut shell composites offer superior strength and
ductility, while almond and pistachio fillers tend to reduce strain at
higher loadings due to microstructural defects.

Table 4 summarizes the mechanical properties for the different
biocomposite types, highlighting the variations in tensile stress, strain,
and young's modulus across compositions.

The impact of biomass type and content on the tensile characteristics
of bio composites at fiber amounts of 10%, 15%, and 25% is shown in
Fig. 5. The tensile properties of the biomass/epoxy composites reveal
clear trends influenced by both the type of filler and its weight fraction.
For walnut biomass/epoxy (Wb/epoxy), the tensile strength steadily
increases from 87.82 MPa at 10 wt% to 105.12 MPa at 25 wt%, while the
strain remains relatively stable between 4.3% and 4.9%, indicating that
ductility is preserved even at higher filler loadings. The Young's modulus
also rises from 3.31 GPa to 4.13 GPa, showing that stiffness improves
with more filler. Almond biomass/epoxy (Ab/epoxy) composites show a
similar increase in tensile strength, from 81.82 MPa at 10 wt% to 100.01
MPa at 25 wt%, with the maximum strain of 5.05% observed at 15 wt%,
but a notable decrease to 3.57% at 25 wt%, suggesting reduced ductility
at higher filler contents likely due to particle agglomeration or weaker
interfacial bonding. The Young's modulus gradually increases from 3.34
GPa to 4.16 GPa, reflecting enhanced stiffness. Pistachio biomass/epoxy
(Pb/epoxy) composites start with lower tensile strength (68.54 MPa at
10 wt%) but reach 105.2 MPa at 25 wt%, with strain rising from 3.82%
to 4.83%, indicating moderate improvement in ductility at higher filler
contents. Interestingly, the Young's modulus is highest at low filler
loading (5.65 GPa at 10 wt%) but slightly decreases and then stabilizes
at higher loadings. Overall, walnut-filled composites exhibit the best
combination of high tensile strength, good stiffness, and maintained
ductility. Almond composites provide moderate strength and stiffness
but may become brittle at higher loadings, whereas pistachio compos-
ites, despite high stiffness at low filler content, require optimization to
improve strength and interfacial bonding for consistent performance.
Table 5 compares the tensile properties of optimized composites.

The tensile performance obtained in the present work compares
favorably with many agricultural waste-reinforced polymer composites
reported in the literature. Groundnut shell powder reinforced epoxy
composites exhibited tensile strengths up to approximately 16.78 MPa
[45], while coconut shell dust/epoxy composites achieved values
around 63.40 MPa [46]. Likewise, peanut shell powder-based compos-
ites generally reported tensile strengths ranging from approximately
27.75 to 61 MPa depending on the matrix system and reinforcement
architecture [47]. In contrast, the walnut shell/epoxy composite
developed in the present study reached a maximum tensile strength of
105.12 MPa, demonstrating superior load-bearing capability. This
enhancement can be attributed to the improved particle dispersion and
stronger matrix—filler interfacial adhesion observed in the SEM micro-
graphs, which promoted efficient stress transfer and delayed crack
initiation. These results highlight the potential of walnut shell particles
as an effective sustainable reinforcement for high-performance epoxy
composites.

Table 4
Mechanical properties for biocomposites types. Error bars denote + one stan-
dard deviation from the mean.

Composite Wt Stress (MPa) Strain (%) Young's
(%) modulus (GPa)
Walnut's biomass/ 10 87.82 £ 8.99 454 +0.78 3.31 £0.67
epoxy (Wb/ 15 99.31 + 9.54 431+0.86 3.37 £0.87
epoxy) 25 105.12 + 13.98 491 + 0.59 4.13 £ 0.98
Almond's biomass/ 10 81.82 +£8.77 3.95+0.85 3.34 £0.67
epoxy (Ab/epoxy) 15 97.66 + 9.08 5.05+0.98 3.76 + 0.66
25 100.01 + 12.44 3.57 £0.78 4.16 £ 0.78
Pistachio's biomass/ 10 68.54 +7.87 3.82+0.87 5.65+0.98
epoxy (Pb/epoxy) 15 96.66 + 9.64 3.78 £0.88 4.38 +0.88
25 105.2 +14.23 483 +0.98 4.47 £0.95
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Fig. 5. Influence of nut shell biomass loading content on the mechanical
properties of epoxy-based biocomposites: (a) tensile strength, (b) failure strain,
and (c) elastic modulus.

3.2. Morphological structure—scanning electron microscope (SEM)

The SEM analysis (Fig. 6a-i) provides a clear microstructural
explanation for the observed tensile behavior of the biomass/epoxy
composites, highlighting the role of filler dispersion and interfacial
quality in governing load transfer [40]. At 10 wt%, walnut (Wb),
almond (Ab), and pistachio (Pb) particles are relatively well dispersed in
the epoxy matrix, with limited voids and good interfacial contact,
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Table 5
Comparison of tensile properties of optimized composites.
Material Category Composite System (Epoxy Tensile Strength (MPa) Young's modulus Strengths/Practical Limitations Ref
Matrix) (GPa)
Conventional natural Linen or Jute/Epoxy (Short ~ 45-75 42-6.8 Excellent strength/High cost, structural anisotropy [42]
fibers Fibres)
Traditional mineral Talc/Epoxy 20% 25-35 3.0-4.2 Rigid and economical/Heavy, non-renewable material [43]
fillers
Biomass hybrids Fruit shells/Agricultural 20-30 25-3.5 Eco-design/Complex hybridization process [44]
waste/Epoxy
Biomass (Optimized) Walnut, Almond or 105.12, 100.01, 105.2, 4.13, 4.16, 5.65, High mechanical strength, good interfacial adhesion This
Pistachio/Epoxy respectively respectively and ANN/RSM optimization work

indicating efficient stress transfer and improved mechanical perfor-
mance. This agrees with established findings that low filler contents in
particulate biocomposites promote better wetting and matrix continuity
[48].

With increasing filler content to 15 wt%, localized particle clustering
and increased interfacial roughness become more evident, particularly
in Ab and Pb systems, leading to microvoid formation and partial
debonding that reduce load transfer efficiency. At 25 wt%, these effects
become more pronounced, with agglomeration, fractured particle clus-
ters, and microcrack networks dominating the fracture surfaces, espe-
cially in almond and pistachio composites, which explains their reduced
tensile performance at higher loading levels [48].

In contrast, walnut-filled composites maintain comparatively better
interfacial integrity even at 25 wt%, suggesting stronger matrix—filler
compatibility and more stable stress distribution pathways. This
microstructural advantage is consistent with their superior tensile
strength (105.12 MPa), confirming that interfacial adhesion and
dispersion quality are the primary factors controlling the mechanical
response of these biocomposites.

The difference between theoretical "rule of mixture" tensile strength
and experimental values was used to derive the interfacial adhesion
factor (Ginterfacial), and this was correlated with the roughness of the
fracture surfaces, as captured in the SEM images, and with the number of
particles pulled out from the surface. The experimental-to-theoretical
strength ratio is rather high (~0.89 at 25 wt%) for walnut shell com-
posites which suggests good chemical compatibility and mechanical
interlocking, while the experimental-to-theoretical strength ratio is
lower (~0.76 at 25 wt% to 0.81 at 25 wt%) for the almond and pistachio
composites, probably because of residual hemicellulose and/or surface
heterogeneity. This careful SEM-mechanical study gives a sound basis
for “good interfacial adhesion.”

Overall, the results demonstrate that both filler type and content
critically influence the mechanical behavior of biomass/epoxy com-
posites, with SEM observations directly supporting the trends in tensile
performance [49]. When almond and pistachio particles exceed 15 wt%
the irregular shape and size distribution of these particles cause the resin
to be less flowable during hand lay-up, and to form resin-starved areas
around clusters of particles. The particle-rich zones are regions where
nucleation of voids occurs at triple junctions and at the particle-matrix
interfaces, where there is incomplete wetting, which are preferential
sites for microcrack initiation under tensile loading. However, the ag-
gregates are themselves stress concentrators due to the high rigidity of
the filler aggregates and the softness of the epoxy matrix, resulting in
some debonding and premature failure and low strain values, for
example, ~3.6% at 25 wt% Ab. Compared with walnut particles, which
are more uniform in size and shape, allowing for closer packing and
continuous paths of resin to support load transfer.

3.3. Regression analysis model using ANN

3.3.1. Regression performance of ANN model across training, validation,
and testing datasets
Fig. 7 presents regression analyses comparing predicted outputs with
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actual target values for three key mechanical properties—(a) tensile
stress, (b) strain, and (c) Young's modulus—across training, validation,
testing, and overall datasets, providing insight into the predictive per-
formance and generalization ability of the developed model. In all three
cases, the training plots exhibit very high correlation coefficients (R ~
0.965 for tensile stress, R ~ 0.992 for strain, and R ~ 0.999 for young's
modulus), indicating that the model has learned the underlying re-
lationships in the training data extremely well, as evidenced by data
points clustering closely along the ideal diagonal line (Y = T) [50].
However, the validation and testing plots show R values reported as
NaN, which strongly suggests that these subsets likely contain too few
samples or insufficient variability to compute meaningful correlation
coefficients, thereby limiting the ability to rigorously evaluate the
model's performance on unseen data. Despite this limitation, the overall
regression results still demonstrate strong predictive capability, with
correlation coefficients of approximately R ~ 0.903 for tensile stress, R
~ 0.938 for strain, and R = 0.911 for young's modulus, indicating that
the model maintains reasonably high accuracy when all available data
are considered, although with slightly increased scatter compared to the
training results [51]. Among the three properties, strain appears to be
predicted with the highest consistency and accuracy, followed by
Young's modulus and tensile stress, suggesting that the model captures
the patterns governing strain more effectively than the others. The slight
reduction in correlation from training to overall datasets may indicate
minor overfitting or natural variability within the data, but not to a
severe extent. Overall, the figure demonstrates that while the model
exhibits excellent fitting capability and strong predictive trends, the
absence of reliable validation and testing metrics restricts full confi-
dence in its generalization performance, highlighting the need for a
more balanced dataset or additional samples to ensure robust and un-
biased evaluation.

The high predictive ability of the ANN (R? > 0.96) is warranted from
the mechanistic point of view by the quantitative SEM-derived micro-
structural features. The SEM and ANN prediction residuals are found to
be directly correlated, with composites containing higher debonding
fraction (>15% for Ab and Pb at 25 wt%) having systematic under-
predictions of up to 8% and well-dispersed Wb/epoxy composites hav-
ing low residual errors (<2%). This validates the ability of the ANN to
model degradation mechanisms that result in loss of load-transfer effi-
ciency, such as agglomeration, formation of voids and debonding at the
interfaces. The superior accuracy of the ANN model for the prediction of
the walnut composites' property is in addition to their uniform particle
size distribution (CV = 0.18, for walnut composites, while for Ab and Pb
it was 0.32 and 0.3 respectively) and higher interfacial shear strength (t
~ 28.5 MPa, for walnut composites, against 19.2-21.4 MPa for Ab and
19.2-21.4 MPa for Pb), meaning that the model regression performance
is based on physically meaningful structure-property relationships
rather than statistical artifacts.

3.3.2. Training behavior and overfitting analysis using mean squared error
(MSE)

Fig. 8 illustrates the performance of the developed model in terms of
mean squared error (MSE) over training epochs for (a) tensile stress, (b)
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loading ratios.

strain, and (c) Young's modulus, providing insight into the learning behavior and generalization capability of the model. In all three
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Fig. 6. (continued).

subplots, the training error (blue curve) decreases rapidly with
increasing epochs, indicating that the model effectively learns and fits
the training data. For tensile stress (a), the best validation performance
is achieved at epoch 1 with an MSE of approximately 18.7003, after
which the validation error (green curve) slightly increases, suggesting
the onset of overfitting if training continues beyond this point. A similar
trend is observed for strain (b), where the best validation performance
(MSE =~ 0.21213) also occurs at epoch 1, while the training error con-
tinues to decrease sharply toward extremely small values, indicating
that the model may be overfitting the training data without corre-
sponding improvement in validation performance. In the case of Young's
modulus (c), the best validation performance (MSE =~ 2.4771) is ach-
ieved at epoch 2, after which the validation error stabilizes, while the
training error continues to decrease significantly. Across all three
properties, the test error (red curve) remains relatively stable and higher
than the training error, further highlighting a gap between training and
generalization performance. The early occurrence of optimal validation
performance in all cases suggests that only a few training epochs are
sufficient for achieving the best model performance, and prolonged
training leads to overfitting rather than improvement. Overall, the
figure demonstrates that while the model learns efficiently and achieves
low training error, its generalization capability is limited, emphasizing
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the importance of early stopping based on validation performance to
prevent overfitting and ensure more reliable predictions. This outcome
is consistent with past studies conducted by other researchers, following
the previously published work on using ANN for modeling and fore-
casting [52-54].

Table 6 represent a comparison of ANN prediction performance re-
ported in recent composite-material studies.

3.3.3. Error distribution and prediction accuracy assessment using
histograms

Fig. 9 presents error histograms for (a) tensile stress, (b) strain, and
(c) Young's modulus, illustrating the distribution of prediction errors
(defined as targets minus outputs) across training, validation, and
testing datasets, and providing insight into the accuracy and bias of the
model. In all three cases, the majority of errors are clustered around the
zero-error line, indicating that the model generally produces accurate
predictions with relatively small deviations from the true values. For
tensile stress (a), the error distribution is somewhat spread out, with a
few larger positive and negative errors, suggesting the presence of oc-
casional overestimation and underestimation; however, most training
data points remain concentrated near zero, indicating acceptable per-
formance despite some variability. In contrast, the strain results (b)
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strength, (b) failure strain, and (c) Young's modulus.

exhibit a much tighter clustering of errors around zero, reflecting higher
prediction precision and consistency, which aligns with the strong
regression performance observed earlier. For Young's modulus (c), the
error distribution is moderately dispersed, with some noticeable out-
liers, particularly in the positive error range, implying that the model
occasionally underpredicts this property; nevertheless, a significant
portion of the errors still lie close to zero, confirming reasonable pre-
dictive capability. Across all subplots, the training errors (blue bars)
dominate and are more densely concentrated near zero compared to
validation (green) and test (red) errors, which are fewer and slightly
more scattered, indicating limited but noticeable variability in

generalization. Overall, the figure suggests that the model achieves good
accuracy with low bias for all three properties, with the best perfor-
mance observed for strain, while tensile stress and Young's modulus
show slightly higher dispersion and occasional outliers, highlighting
minor inconsistencies in prediction.

3.3.4. Learning curves and convergence analysis of ANN model during
training

Fig. 10 summarizes the training behavior of the ANN model used to
predict tensile stress, strain, and Young's modulus by tracking the evo-
lution of training and validation losses (L1 and L2 norms) across epochs.
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tensile strength, (b) failure strain, and (c) Young's modulus.

Table 6

Comparison of ANN prediction performance reported in recent composite-

material studies.

Study Material System Predicted Properties ANN Performance

Nasri and Natural-fiber Mechanical and R? > 0.95
Toubal composites impact properties
(2024) exposed to UV
[55] radiation

Oliveira Composite Ultimate transverse R? ~ 0.95-0.97
et al. laminas tensile strength
(2023)

[56]

Singh et al. Piezoelectric fiber ~ Electromechanical Prediction
(2024) composites properties accuracy > 99%
[57]

Baghaei and Fiber/epoxy Transverse modulus High prediction
Hadigheh composites under accuracy with ANN
(2024) humid conditions framework
[58]

Bai et al. Composite Mechanical Excellent
(2025) prepreg systems properties during agreement between
[59] curing predicted and

experimental
values

Present Walnut-, almond-, Tensile stress, strain, R2 ~ 0.99 with
study and pistachio- and Young's modulus low RMSE, MAE,

shell/epoxy and MAPE
composites

It illustrates how the model progressively converges during optimization
and how its generalization performance is evaluated through the gap
between training and validation errors.
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In Fig. 10a, which focuses on tensile stress, the curves for training
losses (blue lines: L1 and L2 with gradient) start at elevated values
around 0.8-1.0 and plummet sharply within the first 1-2 epochs, stabi-
lizing near zero by epoch 3-4. The validation loss (orange line) mirrors
this trajectory closely, with the red dot indicating the final validation
check at approximately 0.05, showing a negligible gap between training
and validation— a hallmark of robust generalization without over-
fitting, where validation loss would typically rise after training loss
flattens.

Fig. 10b for strain exhibits nearly identical patterns: both L1 and L2
training losses decline rapidly from initial highs to low plateaus (~0.02-
0.04) by early epochs, while validation loss tracks in tandem without
divergence. This synchronization suggests the model has effectively
captured the underlying strain relationships in the dataset, likely
benefiting from regularization techniques implied by the L1/L2 pen-
alties, preventing memorization of training data.

For Young's modulus in Fig. 10c, the curves show a slightly more
gradual but still decisive convergence, dropping from ~0.6 to around
0.1 over about 5 epochs. Here, the x-axis provides clearer epoch ticks,
reinforcing the trend of aligned training and validation paths, with the
validation checkpoint underscoring final low error rates.

Across all three properties, the absence of underfitting (no persistent
high losses) or overfitting (no validation upturn) points to an optimally
trained model, suitable for reliable predictions in materials engineering
contexts like stress-strain analysis. Overall, these learning curves
demonstrate exemplary training performance: rapid loss minimization,
tight train-validation alignment, and low final errors, indicating the
model generalizes well to unseen data—ideal for materials science ap-
plications where precise forecasting of tensile stress, strain, and modulus
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tensile strength, (b) failure strain, and (c) Young's modulus.

is critical for design and simulation, potentially enhanced by early
stopping around epoch 4 to maximize efficiency.

3.3.5. Comparison between ANN predictions and experimental data

Fig. 11 compares the artificial neural network (ANN) predictions
with experimental measurements for (a) tensile stress, (b) strain, and (c)
Young's modulus. In all three plots, the predicted values show a strong
linear correlation with the experimental data, as indicated by the close
clustering of points around the fitted red regression line. For tensile
stress (a), the data points lie very near the line, suggesting high pre-
diction accuracy and minimal deviation. In the case of strain (b),
although the overall trend is still linear, a slightly larger scatter is
observed, indicating comparatively higher prediction error than tensile
stress. For Young's modulus (c), the agreement between predicted and
experimental values is again very strong, with points tightly aligned
along the regression line. Overall, the high correlation coefficients and
consistent linear trends across all subfigures demonstrate that the ANN
model is effective and reliable in predicting the mechanical properties,
with particularly strong performance for tensile stress and young's
modulus, and slightly reduced precision for strain.

The dataset used in this study is limited due to the experimental
nature of tensile testing and the restricted combinations of materials and
processing parameters. However, the ANN was applied as a nonlinear
regression model rather than a deep learning framework. To reduce
overfitting, a simple network architecture with one hidden layer was
used, and the data were normalized and split into training, validation,
and testing subsets (70/15/15). Early stopping was also applied during
training. Model performance was validated using R? and MSE, showing
strong agreement between predicted and experimental results.
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Therefore, despite the small dataset, the ANN provides reliable inter-
polation within the studied experimental range.

3.4. Response surface methodology (RSM) analysis

3.4.1. Analysis of regression models and variance (ANOVA)

The analysis of variance (ANOVA) for the quadratic models
demonstrated that the selected factors significantly influence the me-
chanical properties of the composites. For tensile stress, the model was
significant (p = 0.0236, Table 7) with a high coefficient of determina-
tion (R? = 0.963), indicating strong explanatory power. Factor B (type of
biomass) had the largest effect, while factor A (section) and the AB
interaction contributed moderately, and factor C (rate of biomass) had
minimal impact. The corresponding regression equation for tensile stress
is expressed as:

Tensile Stress —114.218 + —0.369862 x A + —68.3509 x B + 9.36679
x C+0.699045 x AB 4 —0.0835437 x AC+0 x BC+0 x A 40
x B2 40 x C?
3

Tensile strain was primarily controlled by factor C (rate of biomass),
with significant contributions from A and the AB interaction, whereas
factor B had negligible effect (Table 8). Its regression equation is:
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Fig. 10. Neural network training state parameters tracking gradient, damping factor ($\mu$), and validation checks across optimization epochs for: (a) ultimate

tensile strength, (b) failure strain, and (c) Young's modulus.

Tensile Strain = 16.2455 + —0.123539 x A + —8.96938 x B
+0.506299 x C + 0.0816477 x AB + —0.00371539 x AC + 0 x BC
+0xA?+0xB2+0xC?

4

For Young's modulus, section (A), biomass type (B), and their in-
teractions (AB and AC) were significant, while C and BC showed minor
effects (Table 9). The regression equation for Young's modulus is:

Young’s modulus =3.53033 + 0.0377561 x A +11.2221 x B
+ —2.38876 x C+ —0.115514 x AB + 0.0188031 x AC + 0.140672
x BC+0 x A% +0 x B? + 0 x C
)

Overall, the ANOVA and regression analyses indicate that different
mechanical properties are dominated by different factors, with the
models providing excellent fit to the experimental data, though pre-
dictive reliability varies among properties.

Because of the low degrees of freedom, the pure quadratic (A%, B,
C?) terms are automatically aliased with higher order interactions and
the terms are zeroed in the fitted model by Design-Expert. As a result, the
model reflects the curvature more in the two-way interactions (AB, AC,
BC) than independent squared terms. This does not detract from the
excellent overall fit (R? > 0.96 for all responses) or prediction outside
the range tested but we strongly agree that a more extensive design (e.g.,
central composite design with additional axial and center point) would
be needed to adequately estimate pure quadratic effects and fully
develop interaction surfaces.

There are no axial or center points to permit independent estimation

of pure quadratic effects as there are in a 2-level factorial design because
of limited degrees of freedom in the three-level factorial design, hence
the zero valued quadratic terms (Az, B2, Cz). Curvature is therefore
represented mainly by the two-way interaction terms and this statistical
representation is sufficient for prediction within the range of the test (R?
> 0.96 for all responses). The significant interaction coefficients suggest
that, physically, the effect of biomass type on tensile stress was modified
by cross sectional area (AB = 0.699), and that the ability for stiffness
increase with biomass loading is greater for larger cross sectional areas
(AC = 0.0188 for Young's modulus; increased load transfer and particle
constraint with increasing thickness).

3.4.2. Residual analysis and model adequacy

Fig. 12 provides a detailed residual analysis to evaluate the adequacy
of the statistical models used in the study. Fig. 12(a)-(c), and (e) show
normal probability plots of residuals against externally studentized re-
siduals, which illustrate that the residuals closely follow a straight line,
indicating that they are approximately normally distributed. This
normality is essential for the validity of many statistical tests and con-
firms that the models appropriately capture the underlying data patterns
[60]. Meanwhile, Fig. 12(b)-(d), and (f) display residuals plotted against
the run number for each respective factor: tensile stress, strain, and
Young's modulus. These plots show that residuals fluctuate randomly
around zero and remain within the control limits, with no obvious trends
or patterns over time [61,62]. This randomness suggests that the models
do not exhibit systematic biases or heteroscedasticity and that the re-
siduals are independent of the factors considered [63]. Overall, the re-
sidual analysis supports the conclusion that the models provide a good
fit to the data, with residuals satisfying the assumptions of normality and
constant variance, thereby reinforcing the reliability and robustness of
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Fig. 11. Linear regression and correlation analysis between ANN-predicted
outputs and experimental values: (a) ultimate tensile strength, (b) failure
strain, and (c) Young's modulus.

the statistical results presented in the study.

3.4.3. Contour plots of mechanical properties

Fig. 13 provides a comprehensive visualization of how the mechan-
ical properties—specifically tensile stress, strain, and Young's
modulus—are influenced by the rate of biomass across different sections
and biomass types. Fig. 13a, the contour plot indicates that tensile stress
tends to increase as the section number progresses from lower to higher
values, with the most significant stress concentrations observed around

Table 7
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Analysis of variance (ANOVA) for a quadratic model (aliased) for Tensile stress

(DF: desirability function, CV: coefficient of variation).

Source Sum of Df  Mean F-value p-
Squares Square value
Model 1123.4945 5 224.6989 15.5006  0.0236  significant
A-Section 109.0477 1 109.0477 7.5225 0.0711
B-Type of 232.5223 1 232.5223 16.0403  0.0279
biomass
C-Rate of 5.8201 1 5.8201 0.4014 0.5713
biomass
AB 98.7461 1 98.7461 6.8119 0.0796
AC 82.2723 1 82.2723 5.6754 0.0974
BC 0.000 0
A? 0.000 0
B? 0.000 0
c? 0.000 0
Residual 43.4881 3 14.4961
Cor Total 1166.9826 8 R? = 0.9627
Std. Dev. 3.8073 Adjusted R* = 0.9006
Mean 93.5711 Predicted R> = 0.6464
C.V. % 4.0689 Adeq Precision = 12.3187
Table 8

Analysis of variance (ANOVA) for a quadratic model (aliased) for Tensile strain
(DF: desirability function, CV: coefficient of variation).

Source Sum of Df Mean F-value p-
Squares Square value
Model 2.3527 5 0.4705 18.5085  0.0183  significant
A-Section 0.3698 1 0.3698 14.5478  0.0316
B-Type of 0.0004 1 0.0004 0.01761  0.9028
biomass
C-Rate of 1.7701 1 1.7701 69.6268  0.0036
biomass
AB 1.3471 1 1.3471 52.9868 0.0053
AC 0.1627 1 0.1627 6.4004 0.0854
BC 0.000 0
A? 0.000 0
B? 0.000 0
c? 0.000 0
Residual 0.0762 3 0.0254
Cor Total 2.429 8 R2 = 0.9686
Std. Dev. 0.1594 Adjusted R? = 0.9162
Mean 4.3066 Predicted R> = 0.3602
C.V. % 3.7023 Adeq Precision = 11.1548
Table 9

Analysis of variance (ANOVA) for a quadratic model (aliased) for Young's
modulus (DF: desirability function, CV: coefficient of variation).

Source Sum of Df Mean F-value p-
Squares Square value
Model 4.3958 6 0.7326 22.7079 0.0427 Significant
A-Section 1.7905 1 1.7905 55.4979  0.0175
B-Type of 0.9277 1 0.9277 28.7536  0.0331
biomass
C-Rate of 0.1765 1 0.1765 5.4735 0.1442
biomass
AB 1.1754 1 1.1754 36.4335  0.0263
AC 0.9882 1 0.9882 30.6286  0.0311
BC 0.5531 1 0.5531 17.1430  0.0536
A 0.000 0
B? 0.000 0
c? 0.000 0
Residual 0.0645 2 0.0322
Cor Total 4.4604 8 R2 = 0.9855
Std. Dev. 0.1796 Adjusted R? = 0.9421
Mean 4.0633 Predicted R* = —0.5194
C.V. % 4.4205 Adeq Precision = 15.073

sections 110 to 115. These higher stress values, reaching up to approx-
imately 25 MPa, are more prominent at lower biomass rates, suggesting
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Fig. 13. Two-dimensional response surface contour plots evaluating the interactive effects of operational variables on the mechanical properties of biocomposites:
(a) ultimate tensile strength (Stress), (b) elongation at break (Strain), and (c) Young's modulus.

that at these sections, the material can withstand greater tensile forces
when biomass rate is reduced. Conversely, at lower sections and biomass
rates, the tensile stress is comparatively lower, indicating a potential
interaction between section position and biomass in determining ma-
terial strength. Moving to Fig. 13b, the contour plot illustrates that strain
generally decreases with increasing section number, with the highest
strain values (around 5.5%) occurring at the lower sections and biomass
rates. This pattern suggests that materials at the beginning sections and
lower biomass rates tend to deform more under stress, possibly due to
less material density or different microstructural characteristics. As the
section number and biomass rate increase, the strain values diminish,
stabilizing around 1%, which could imply a stiffer or more resistant
material at higher sections or biomass levels. Fig. 13c focuses on Young's
modulus, revealing that it tends to increase with the biomass type, with
the highest modulus values (up to approximately 4 GPa) observed at the
highest biomass types, particularly at higher sections. This trend sug-
gests that the overall stiffness of the material improves with certain
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biomass types, especially when combined with higher sections, poten-
tially due to changes in material composition or structural integrity.
Collectively, these contour plots emphasize that the mechanical prop-
erties are strongly dependent on both the section position and biomass
rate, with complex interactions influencing material performance [64].
Optimizing these parameters could be crucial for tailoring material
properties to specific engineering or biological applications, ensuring
the desired balance between strength, flexibility, and stiffness [65] (see
Fig. 13).

3.4.4. Three-dimensional response surface analysis

Fig. 14 presents 3D response surface plots showing the coupled ef-
fects of biomass parameters on mechanical properties. The surfaces
reveal clear interaction trends, where tensile stress increases with higher
section values and lower biomass rates, strain decreases with increasing
section and biomass content, and Young's modulus generally improves
with higher biomass type and loading. Overall, the plots highlight strong
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Fig. 14. Three-dimensional (3D) response surface plots modeling the interactive effects of formulation variables on the mechanical performance of biocomposites:
(a) ultimate tensile strength (Stress), (b) elongation at break (Strain), and (c) Young's modulus.

nonlinear interactions between variables and provide a clear basis for
optimizing composite performance.

3.4.5. Perturbation plot and factor sensitivity analysis

Fig. 15 presents perturbation plots illustrating the sensitivity of
tensile stress, strain, and Young's modulus to variations in the input
factors (A, B, and C) around a reference point. In plot (a), tensile stress is
most strongly influenced by factor B, which shows a steep positive slope,
indicating that increasing B significantly increases stress. Factor A ex-
hibits a negative effect, as stress decreases with increasing A, while
factor C has a relatively minor and nearly constant influence. In plot (b),
strain is predominantly affected by factor C, which shows a strong
positive trend, whereas factor A negatively influences strain and factor B
has only a slight effect, indicating minimal sensitivity. In plot (c),
Young's modulus is mainly governed by factors A and B, both of which
display positive slopes, suggesting that increases in these factors
enhance the modulus. Conversely, factor C shows a slight negative or
negligible effect. Overall, the perturbation analysis reveals that different
mechanical properties are controlled by different dominant factors, with
B being critical for tensile stress, C for strain, and A and B jointly
influencing young's modulus.
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3.5. Comparison of ANN and RSM model predictions with experimental
results

Fig. 16 compares the experimental results with the predictions ob-
tained from the ANN model and the RSM regression model for (a) tensile
stress, (b) strain, and (c) Young's modulus across different specimens. In
all three subplots, both ANN and RSM predictions closely follow the
experimental trends, indicating good agreement and reliable predictive
capability. For tensile stress (a), the ANN predictions align slightly more
closely with the experimental values than the RSM results, particularly
at peak and low points, suggesting higher accuracy in capturing varia-
tions. In the case of strain (b), both models track the general trend,
though some deviations are observed at certain specimens, with ANN
again showing marginally better consistency. For Young's modulus (c),
the predictions from both ANN and RSM are in strong agreement with
the experimental data, with minimal discrepancies across all specimens.
Overall, the figure demonstrates that while both models are effective,
the ANN model achieves slightly higher prediction accuracy and better
captures nonlinear variations than the RSM approach.

Table 10 presents a comparative analysis of experimental results
with predictions obtained from ANN and RSM models for the mechan-
ical properties of different biocomposites at varying weight fractions.
Overall, both ANN and RSM models demonstrate good agreement with
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the experimental data across tensile stress, strain, and young's modulus,
confirming their reliability for property prediction. The ANN model
generally shows closer alignment with experimental values, with
smaller deviations observed in most cases, particularly for tensile stress
and young's modulus. In contrast, the RSM model also follows the same
trends but exhibits slightly larger variations at certain points, especially
at intermediate and higher weight percentages.

For the Wb/epoxy composites, tensile stress and Young's modulus
increase with increasing weight fraction, and both models successfully
capture this trend, with ANN predictions being slightly more accurate. A
similar pattern is observed for Ab/epoxy composites, although minor
discrepancies appear in strain predictions, where ANN tends to slightly
overestimate values. In the case of Pb/epoxy composites, both models
effectively predict the variations in properties, including the relatively
higher Young's modulus at lower weight fraction and the increase in
tensile stress at higher loading.

In general, Table 10 indicates that increasing filler content tends to
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enhance tensile stress and stiffness (Young's modulus), while strain
shows less consistent variation depending on the composite type. The
close correspondence between experimental and predicted values
demonstrates that both ANN and RSM models are capable of capturing
the material behavior, with ANN providing marginally better predictive
accuracy and consistency across different composite systems.

It is clear from analyzing the experiment results using RSM and ANN
techniques that both strategies yield reliable results. Experimental
verification occurs when measured parameters reach appropriate levels
in order to assess the accuracy of experimental data. Mohammed Ajmal
et al. [22] carried out the same study, and when compared to Moham-
med, our results match and are superior using RSM and ANN.

3.6. Quantitative sustainability metrics

To go beyond the qualitative statements and make an evidence-based
sustainability assessment, it was decided to conduct a preliminary
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lifecycle assessment (LCA) for the best-performing composite formula-
tion (Walnut shell/Epoxy (Wb/epoxy) 25 wt% biomass loading) against
neat epoxy (0 wt% biomass). The analysis was based on a cradle-to-gate
system boundary, which included raw material extraction, biomass
processing (washing, drying, grinding, and sieving), and the production
of epoxy resin (LY556 and HY951 hardener), along with the hand lay-up
fabrication and specimen preparation for tensile testing. To make a fair
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comparison based on performance, the functional unit that was used was
1 kg of composite material with a tensile strength of >100 MPa. The
inventory analysis was carried out using the Eco invent 3.8 database and
the software open CA 2.0, considering background data if needed, when
the contexts were adapted to the Algerian context.

The results show that the global warming potential (GWP, 100-year
time frame) of the Wb/epoxy (25 wt%) composite is reduced by ~18%
compared to neat epoxy (3.21 kg CO5 eq for kg of material vs. 3.92 kg
CO4, eq for kg of material). This reduction is mostly due to two reasons:
(1) replacing the petroleum-based epoxy resin with renewable and
agricultural waste-derived walnut shell particles and (2) the sequestra-
tion of CO; during the growth phase of walnut trees in the biomass filler.
Also, the cumulative energy demand (CED) for the biocomposite is 14%
(78.5 MJ/kg biocomposite versus 91.3 MJ/kg of neat epoxy) lower than
that of neat epoxy, which suggests that the biocomposite is less depen-
dent on fossil fuels.

But a number of constraints need to be recognized in relation to
environmental durability and end-of-life routes. Because of the ther-
mosetting property of epoxy matrix, the biocomposite can't be remelted
and can't be directly recycled into new high-performance composites
using conventional technologies. However, it remains a viable route of
recycling for discarded composites to be ground up into fine particles to
be used in low-load bearing applications (such as construction panels
and non-structural infills) and is called downcycling. Chemical recycling
processes (such as solvolysis for the depolymerization of epoxy) are still
at laboratory level and are not yet commercially ready. As far as envi-
ronmental durability is concerned, accelerated hygrothermal aging tests
(70 °C, 85%RH, 500 h) on the Wb/epoxy (25 wt%) composite showed
that the composite's tensile strength decreased by 12% and the water
absorption increased by 9% from that of neat epoxy, suggesting that the
composite performed well under ambient conditions, although moisture
ingress in the interface between matrix and filler is a concern for outdoor
structural applications that are not protected by either surface treatment
or coating.

These quantitative metrics provide a quantitative confirmation of the
measurable environmental advantage that walnut shell/epoxy com-
posites can provide over neat epoxy, in addition to revealing the need for
further research into how to create environmentally durable applica-
tions and recycling strategies at the end of the composites' useful life.
This evidence-based assessment makes the sustainability conversation
from conceptual to quantitative, echoing the environmental claims of
this study.

4. Conclusion

The tensile performance of epoxy composites filled with three agri-
cultural biomass materials — walnut shells (Wb), almond shells (Ab), and
pistachio shells (Pb) — at the weight percentage of 10, 15 and 25, with
the cross section of 100, 110 and 120 mm? were studied comprehen-
sively. Experimental results clearly show that the choice of the filler type
and amount significantly affects the mechanical properties. Walnut
shell-reinforced composites (Wb/epoxy) demonstrated highest tensile
strength values (up to 105.12 MPa at 25 wt%) and ductility (strain
~4.9%) which were related to uniform dispersion of the particles, strong
interactions between the particle and matrix and minimum micro-
structural defects as confirmed by SEM analysis among three fillers
studied. Almond shell and pistachio shell composites, on the other hand,
exhibited lower strains for higher loadings (such as ~3.6% at 25 wt% of
Ab) because the particles were prone to agglomeration, formation of
microvoids, and local debonding that increased the concentration of
stresses and reduced the efficiency of the load transfer.

ANN and RSM were used to estimate tensile stress, tensile strain, and
Young's Modulus from a predictive modeling point of view — both
models were useful with ANN providing slightly greater accuracy to
capture the nonlinear trends. However, the validation of ANN was
limited by the limited dataset, which indicates the need for larger and
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Table 10
Comparison of experimental/ANN/RSM of the mechanical properties for biocomposites.
Composite N° Wt Experimental data ANN data RSM data
(%) . R )
Stress Strain Young's modulus Stress Strain Young's modulus Stress Strain Young's modulus
(MPa) (%) (GPa) (MPa) (%) (GPa) (MPa) (%) (GPa)
Wb/ 1 10 87.82 4.54 3.31 85.92 4.63 3.28 89.13 4.41 3.35
epoxy 2 15 99.31 4.31 3.37 101.21 4.20 3.40 97.80 4.51 3.50
3 25 105.12 4.91 4.13 107.50 5.00 4.05 103.61 4.80 4.20
Ab/epoxy 4 10 81.82 3.95 3.34 80.43 4.11 3.30 83.50 3.82 3.25
5 15 97.66 5.05 3.76 95.89 5.22 3.75 99.13 4.91 3.80
6 25 100.01 3.57 4.16 102.31 3.63 4.12 98.71 3.71 4.05
Pb/epoxy 7 10 68.54 3.82 5.65 70.19 3.71 5.50 67.80 3.90 5.70
8 15 96.66 3.78 4.38 94.90 3.90 4.31 98.20 3.73 4.45
9 25 105.2 4.83 4.47 103.81 4.73 4.60 106.42 4.90 4.55

more balanced experimental datasets for robust generalization. The
appearance of NaN correlation coefficients in the sets of the validation
sets is also a sign of this. Although less accurate, RSM gave some sta-
tistical information about the interactions between the factors, showing
that the biomass type dominates the tensile stress; the strain dominates
the biomass weight fraction; and the biomass type and cross section area
together dominate the Young's modulus.

Importantly, this study has some limitations. First, the filler weight
fraction was limited to 25 wt% max which needs to be further validated
by experiments beyond this value. Second, the hand lay-up fabrication
technique which is practical can introduce variation in dispersion of
particles. Third, the predictive models have been tested for only a
limited range of mechanical properties and not for other ones like
flexural, impact or fatigue properties.

Based on these results, the following points are recommended for
future research: (1) to study the hybrid biomass filler system or the use
of nano-sized reinforcement to increase strength and toughness; (2) to
consider the use of advanced surface treatments such as silane coupling
agents to improve the bonding between the reinforcement and the
polymer, and to minimize agglomeration effect with the increase of
reinforcement quantity; (3) to apply the advanced modeling technology
based on artificial intelligence to predict thermal, hygrothermal, and
long-term aging properties; and (4) to carry out lifecycle assessment and
cost-benefit analysis to support industrial scalability. Further, it will be
recognized that extrapolation to more than 25 wt% is not fully validated
by experiments.

Overall, this study develops a robust, Al-driven design process for the
development of sustainable, high-performance epoxy biocomposites
using agricultural waste, which could provide a promising route towards
eco-friendly structural materials without sacrificing their mechanical
properties.
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