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ABSTRACT: Machine learning models can predict material properties quickly and accurately at a low computational
cost. This study generated novel hybridized nanocomposites with unsaturated polyester resin as the matrix and Areca
fruit husk fiber (AFHF), tamarind fruit fiber (TFF), and nano-sized coconut shell powder (NCSP). It is challenging
to determine the optimal proportion of raw materials in this composite to achieve maximum mechanical properties.
This task was accomplished with the help of ML techniques in this study. The tensile strength of the hybridized
nanocomposite was increased by 134.06% compared to the neat unsaturated polyester resin at a 10:5:2 wt.% ratio,
AFHF:TFE:NCSP. The stiffness and impact behavior of hybridized nanocomposites were similar. The scanning electron
microscope showed homogeneous reinforcement and nanofiller distribution in the matrix. However, the hybridized
nanocomposite with a 20:5:0 wt.% combination ratio had the highest strain at break of 5.98%, AFHF:TFE:NCSP. The
effectiveness of recurrent neural networks and recurrent neural networks with Levenberg’s algorithm was assessed using
R%, mean absolute errors, and minimum squared errors. Tensile and impact strength of hybridized nanocomposites
were well predicted by the recurrent neural network with Levenberg’s model with 2 and 3 hidden layers, 80 neurons
and 80 neurons, respectively. A recurrent neural network model with 4 hidden layers, 60 neurons, and 2 hidden layers,
100 neurons predicted hybridized nanocomposites’ Young’s modulus and elongation at break with maximum R* values.
The mean absolute errors and minimum squared errors were evaluated to ensure the reliability of the machine learning
algorithms. The models optimize hybridized nanocomposites’ mechanical properties, saving time and money during
experimental characterization.

KEYWORDS: Hybridized nanocomposite; mechanical properties; prediction models; machine learning; optimal
hybridization

1 Introduction

The quest for sustainable materials has gained unprecedented momentum in recent years, driven by
environmental concerns and the urgent need to reduce reliance on non-renewable resources [1]. Among
the innovative solutions being explored, natural fiber reinforced polymer composites stand out due to their
potential to combine excellent mechanical properties with environmental friendliness. These composites
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typically consist of a polymer matrix reinforced with natural fibers, such as jute, hemp, flax, or bamboo,
which offer benefits like low density, biodegradability, and enhanced tensile strength [2,3]. As industries seek
to adopt greener alternatives, optimizing the mechanical properties of these materials becomes essential to
ensure their viability in various applications, including automotive, construction, and consumer goods [4].
Natural fibers are not only lightweight but also exhibit good specific strength, making them suitable for
reinforcing polymers. However, the mechanical performance of natural fiber reinforced composites can be
highly variable, depending on factors such as fiber type, orientation, length, and the nature of the polymer
matrix used. Additionally, the interface between the fiber and matrix plays a crucial role in determining the
overall performance of the composite [5]. Therefore, understanding and optimizing these parameters is vital
for developing materials that meet the demanding specifications of modern engineering applications.

Recent advancements in nanotechnology have further expanded the potential of polymer composites
by enabling the incorporation of nanomaterials, such as nanoclays, carbon nanotubes, and graphene, into
the polymer matrix [6]. These nanofillers can significantly enhance the mechanical properties, thermal
stability, and barrier performance of composites. By creating hybrid composites that combine natural fibers
and nanofillers, researchers can achieve a synergistic effect, resulting in materials with superior properties
compared to traditional composites [7]. This approach not only improves performance but also adds value
by making use of renewable resources alongside cutting-edge nanotechnology. The optimization of the
mechanical properties of these hybrid sustainable polymer nanocomposites presents a complex challenge
that requires a thorough understanding of the interactions between different components. Traditionally,
experimental methods have been employed to study these interactions and optimize material properties [8].
Techniques such as tensile testing, flexural testing, and impact testing provide valuable data on the mechani-
cal performance of the composites. However, these methods can be time-consuming and resource-intensive,
especially when exploring a wide range of variables and their interactions.

In response to these challenges, machine learning (ML) techniques have emerged as powerful tools for
materials optimization. By leveraging large datasets, machine learning can identify patterns and correlations
that may not be immediately apparent through traditional experimental approaches [9]. For example, ML
algorithms can analyze the influence of various factors such as fiber content, type of nanofiller, and processing
conditions on the mechanical properties of the composites. This data-driven approach allows researchers
to develop predictive models that can guide the design of new materials with enhanced performance
characteristics. Furthermore, machine learning can facilitate the optimization process by predicting the
optimal combination of parameters needed to achieve desired mechanical properties, thereby reducing the
time and resources required for experimental validation [10]. The integration of experimental and machine
learning techniques creates a comprehensive framework for the optimization of natural fiber reinforced
hybrid sustainable polymer nanocomposites [11]. This hybrid approach enables researchers to systematically
investigate the effects of different variables, validate findings through experiments, and refine predictive
models based on empirical data. By combining the strengths of both methodologies, it is possible to accelerate
the development of high-performance, sustainable materials that meet industry demands.

Additionally, the use of machine learning in materials science opens up new avenues for innovation.
For instance, unsupervised learning techniques can reveal insights into material behavior and performance
that might not be captured by traditional experimental methods [12]. Similarly, reinforcement learning can
be utilized to optimize processing parameters in real-time, adapting to changes in material properties as
they occur during manufacturing. These advancements not only enhance the understanding of composite
materials but also pave the way for the creation of smart materials that can respond to environmental stimuli.
Studies were also carried out by the researchers on optimizing the fiber orientation of the reinforcements in
the matrix by directing the print routes regionally in the additive manufacturing process [13]. The significance
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of this research lies in its potential to contribute to the development of sustainable materials that align with
global efforts to reduce environmental impact.

Champa-Bujaico et al. (2024) optimized the mechanical properties of multiwalled carbon nanotubes,
tungsten disulfide nanosheets, and sepiolite powder reinforced nano composites using machine learning
techniques [14]. They have used Recurrent Neural Network (RNN), decision tree (DT), and Random Forest
(RF) to arrive at optimal solutions from the existing experimental design. The RNN model with 3 hidden
layers and 50 neurons in each layer was able to obtain the highest correlation of 0.92 for test sets. The mean
square error of 0.13 and the mean absolute error of 0.31 were obtained for the elongation at break parameter
through RE. Imoisili et al. (2024) optimized the mechanical properties of multiwalled carbon nanotubes and
potassium permanganate and acetone modified plantain fiber reinforced nano composites using machine
learning techniques [15]. They have used an Artificial Neural Network (ANN) to arrive at optimal solutions
from the existing experimental design. The ANN model with 1 hidden layer and 5 neurons in the hidden
layer was able to obtain the highest correlation of 0.99 for test sets. The ANN model was able to arrive at an
optimal tensile strength of 46.156 Mpa, which is much closer to experimental results.

Thanikodi et al. (2024) used a machine learning approach to identify the optimal combination and
proportion of fiber and the matrix in polymer composites to maximize their mechanical properties [16].
Local search with a support vector machine approach is followed to identify the optimal combination and
proportion of 14 fibers and 4 matrices in polymer composites to achieve maximum mechanical properties.
Their optimization process was intended for transportation and medical applications. The local search
with the support vector machine approach worked well for the intended applications. Han et al. (2023)
used an RF algorithm to optimize the interlaminar toughness properties of carbon nanotube reinforced
nano composites [17]. The RF algorithm was able to predict the interlaminar fracture toughness of the
nano composites with the highest correlation of 0.916 for test sets. The rankings obtained from the RF
algorithm suggest concentrating more on the manufacturing process of the nano composites to improve their
interlaminar fracture toughness properties. Table 1 indicates a few similar studies with their inputs, outputs,
MI model used, and their accuracies.

Table 1: Optimization studies in hybrid polymer composite and their comparison

Input Output ML Model Accuracy  Ref.
(%)

» Potassium permanganate

treatment time
»  Fiber weight percentage Tensile strength ANN 90.62 [15]
o  Multiwalled carbon nanotube

weight percentage

o Multiwalled carbon nanotube Young modulus RNN 98.2

weight percentage Tensile strength RNN-LV 86.9
+ Sepiolite nanoclay weight percentage ~ Strain at break ~ Decision tree 92.7 [14]
+ Tungsten disulfide weight percentage  Impact strength ~ Random forest 78.2

 Different fiber weight percentage Tensile strength L(')cal search - [16]
with support

vector machine

(Continued)
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Table 1 (continued)
Input Output ML Model Accuracy  Ref.
(%)
+ Reinforcement layer filler Interlaminar
o Filler structure Fracture Random forest 98 [17]
« Density toughness

Areca fruit husk fiber (AFHF) and tamarind fruit fiber (TFF) which are agro-wastes from agro industries
were used as reinforcement in the unsaturated polyester resin (UPR) matrix composite with nano-sized
coconut shell powder (NCSP) as filler material. By optimizing the mechanical properties of natural fiber rein-
forced hybrid polymer nano composites, this work aims to advance the field of green materials, promoting the
use of renewable resources while ensuring high performance and durability. Furthermore, the application of
machine learning techniques in this context represents a shift toward more efficient and innovative material
design processes, which is crucial in the rapidly evolving landscape of materials engineering [18]. As the
demand for sustainable alternatives continues to rise, this research not only addresses pressing environmental
concerns but also enhances the understanding of nano composite materials, paving the way for innovative
applications across various industries. The integration of traditional experimental methods with modern
machine learning techniques offers a powerful approach to developing high-performance materials that are
both environmentally friendly and economically viable. The optimization of mechanical properties in natural
fiber reinforced hybrid sustainable polymer nano composites through experimental and machine learning
techniques holds great promise for the future of materials science. This research, aspires to contribute to a
more sustainable future while advancing the boundaries of material science and engineering.

2 Methodology

This research employs two regression models—Recurrent Neural Network (RNN), and RNN-Levenberg
Marquardt (RNN-LV) to forecast the mechanical properties of hybrid nano composites. These models are
popular in scientific investigations due to their strengths in handling non-linear relationships, adaptability,
and high accuracy [19]. Additionally, they excel at identifying intricate data patterns. The model’s unique
features include excellence in sequential data analysis, transparent decision-making, and ensemble learning
advantages. By leveraging these models, this study aims to accurately predict the mechanical properties of
hybrid nano composites, capitalizing on their complementary strengths.

Artificial Neural Network

Artificial Neural Networks (ANNs) are computational models inspired by the human brain’s architec-
ture, designed to recognize patterns and solve complex problems [20]. Comprising interconnected nodes
or ‘neurons, ANNs process information in layers: an input layer receives data, hidden layers perform
computations, and an output layer delivers results. This structure enables ANNs to learn from data through
a process called training, where the network adjusts its internal parameters based on errors in predictions.
Various neural network architectures cater to different applications [21]. Feedforward Neural Networks
(FNNs) are the simplest form, where data moves in one direction from input to output. Convolutional Neural
Networks (CNNs) excel in image processing, utilizing convolutional layers to detect features. RNNs are
designed for sequential data, making them ideal for time series analysis and natural language processing, as
they maintain memory of previous inputs. Generative Adversarial Networks (GANs) consist of two networks
the generator and the discriminator that work against each other to create realistic data. Each architecture
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offers unique advantages, allowing ANNs to be applied across diverse fields, including computer vision,
speech recognition, and financial forecasting.

This research investigates the relationship between fiber reinforcement and filler composition on the
mechanical properties of polymer nano composites using machine learning (ML). The input data consists
of weight percentages of two fibers and a nanofiller, namely areca fruit husk fiber, tamarind fruit fiber
and nano-sized coconut shell powder, respectively, while the output data represents specific mechanical
properties, including Young’s modulus, tensile strength, elongation at break, and impact strength. Each
property is modelled independently. The goal is to develop ML models that predict mechanical properties
based on material composition, exploring how variations in fiber reinforcement and nanofiller proportions
influence material performance [22]. This study aims to establish accurate relationships and facilitate
property prediction for tailored nano-composite design.

This study compares two optimization techniques for RNNs, namely Stochastic Gradient Descent
(SGD) and Levenberg-Marquardt (RNN-LV). The main advantage of the SGD model is its scalability
and flexibility with learning rate schedules. But takes more iterations to converge and depends on tuning
of hyperparameters. On the other hand, the RNN-LV model has faster convergence and is stable for
small networks, whereas it requires large memory with limited library support. SGD employs standard
backpropagation to compute gradients and adjust network parameters during training. In contrast, RNN-
LV utilizes the Gauss-Newton technique to minimize the objective function error, commonly applied in
nonlinear regression. Notably, backpropagation remains integral to RNN-LV, calculating local gradients.
The comparison aims to assess the accuracy and training efficiency of each approach in predicting material
properties [23]. By evaluating these optimization methods, we seek to identify the most suitable training
algorithm for our research objectives and gain insight into how they impact results. This analysis will inform
the selection of an optimal RNN configuration, ultimately enhancing predictive performance and advancing
understanding of complex property relationships in polymer nanocomposites. The findings will provide
valuable implications for future RNN applications.

FNN architecture is employed to predict nano-composite properties based on material composition.
The network consists of an input layer with three neurons (representing the input variables), variable hidden
layers, and a single-neuron output layer. The hidden layer utilizes the ReLU activation function, a popular
nonlinear function in artificial neural networks [24]. Training parameters were initialized with a learning
rate of 0.02 for RNN and 0.08 for RNN-LV, and a maximum of 1200 iterations. These settings can be adjusted
based on the problem and network architecture. The iteration limit prevents overfitting and controls training
duration. Optimizing model parameters requires careful tuning, often involving trial-and-error for each
specific problem. By fine-tuning the parameters like hidden layer configuration, learning rate adjustment,
and iteration limit, the model can effectively capture complex relationships between chemical composition
and nano composite properties, ensuring accurate predictions and robust performance [25]. The dataset is
split into training and test sets for model evaluation. Utilizing Python 3.9.6 and TensorFlow 2.10.0, the neural
network is built with Keras 2.10.0 via the TensorFlow functional API, ideal for regression tasks. This setup
enables efficient development, training, and deployment of complex neural networks.

3 Experimental
3.1 Materials

The areca fruit husks and tamarind fruit wastes were collected from the dump yards of tobacco product
manufacturers and food processing companies, respectively, in the outskirts of Coimbatore, India. The
collected agro-wastes were soaked in water for 7 days. Then they were repeatedly washed in running water,
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exposed to sunlight for 3 days and combed to obtain TFFs and AFHFs. An NCSP of size ranging from 200 to
300 nm was obtained from M/s Coco Starch Pvt Ltd., Pollachi, India. M/s. Raja Traders Pvt Ltd., Tirunelveli,
India supplied UPR, methyl ethyl ketone peroxide (MEKP) and cobalt naphthenate (CN). The chemicals
procured were of analytical grade and used as such without any further purification process.

3.2 Nano Composite Fabrication

A 300 x 150 x 3 mm® mold was used to create the nano composite specimens as shown in Fig. 1. The
fibers were arranged in the mold at random orientation. To create a solid nano composite sample with NCSP
as a filler substance, the matrix solution comprising a catalyst and accelerator was subsequently spread over
the fibers. The matrix solution consisting of MEKP, CN, and UPR in the ratio 1:1:98 was combined with
the NCSP employed as filler [26]. These components serve as a catalyst, accelerator, and resin, respectively.
Following the elimination of air pockets using a grooved roller, the mold is covered and allowed to cure for
24 h at an applied hydraulic pressure of about 400 kN [27]. Lastly, several tests are conducted on the resized
sustainable hybrid nano composite specimens with NCSP filler made as indicated in Table 2, following the
L33 array in compliance with ASTM guidelines.

Fabricated Hybrid Nanocomposite

Figure 1: Schematic diagram showcasing the fabrication of hybridized nanocomposites

Table 2: Mechanical characteristics of hybrid nano composites to the wt.% of reinforcements by L33 scheme

Sample wt.%of wt%of  wt.% of Tensile Young’s Strain at Impact
AFHF TFF NCSP strength  modulus  break (%) strength
(MPa) (GPa) (J/cm®)

1 0 0 0 37.31 0.91 1.2 0.64

2 5 0 0 55.07 1.09 2.86 4.60

3 10 0 0 74.40 1.36 4.07 5.87

4 15 0 0 81.00 1.55 4.73 6.40

5 25 0 0 78.27 1.45 5.39 6.13

6 0 5 0 48.59 1.00 3.12 4.06

(Continued)
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Table 2 (continued)

Sample wt.%of wt%of  wt.% of Tensile Young’s Strain at Impact
AFHF TFF NCSP strength  modulus  break (%) strength
(MPa) (GPa) (J/cm?)
7 0 10 0 65.65 1.25 4.44 518
8 0 15 0 71.47 1.42 5.16 5.65
9 0 25 0 69.06 1.33 5.88 5.41
10 0 0 1 3755 0.92 1.3 1.73
11 0 0 2 41.73 1.15 1.4 2.20
12 0 0 3 43.23 1.31 1.3 2.40
13 0 0 5 48.18 1.46 1.2 2.48
14 5 5 0 51.63 1.04 2.99 4.31
15 5 10 0 69.75 1.30 4.26 5.50
16 5 15 0 75.94 1.48 4.95 6.00
17 0 5 1 52.01 1.06 2.98 4.71
18 0 5 2 56.94 1.12 2.91 4.87
19 0 5 4 64.61 1.22 2.86 5.23
20 5 0 1 59.00 1.14 2.73 5.31
21 5 0 2 63.71 1.23 2.68 5.47
22 5 0 4 70.79 1.32 2.61 5.98
23 10 5 0 72.00 1.34 4.14 5.68
24 20 5 0 80.06 1.65 5.98 6.19
25 10 0 1 79.71 1.43 3.89 6.77
26 20 0 1 91.50 1.81 5.46 7.62
27 5 5 1 59.37 1.15 2.72 5.18
28 10 5 1 82.80 1.47 3.77 6.81
29 5 10 1 79.46 1.39 3.81 6.42
30 5 5 2 65.30 1.38 2.46 6.21
31 10 10 1 84.80 1.57 2.37 7.31
32 10 5 2 87.33 1.63 2.50 7.20
33 5 10 2 85.62 1.59 2.61 7.06

3.3 Characterization

Tensile test was conducted on the resized nano composite specimens as per ASTM D3039 standards [28].
Universal Testing Machine (H50KL), M/s Tinius Olsen Pvt Ltd., Horsham, PA, USA, was used to apply the
tensile loads on the nano composite specimens at a crosshead speed of 1 mm/min at 28°C. Charpy impact
test was conducted as per ASTM D256-10 standard on the nano composite specimens using Charpy impact
tester (HIT450P), M/s Zwick Roell Pvt Ltd., Chennai, India [29]. An impact tester with a sensitivity of —4.019
and a time delay of 1000 s was used for the same. The specimen is placed within the jaws, and by moving
the hammer to a distance of 0.1 m, an impact equal to 4.5 J is applied to the sample to cause an impact
on the sample being tested. Meanwhile, the response to load-time data was recorded using software. To
minimize errors, the trials were conducted five times in each scenario. A Scanning Electron Microscope
(SEM) (JSM-IT710HR), M/s JEOL Pvt Ltd., Tokyo, Japan was used to examine the broken tensile-tested nano
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composites to identify any patterns of tensile failure [30]. The experiments were conducted using platinum-
coated samples at a 10 kV electron source voltage to prevent charge aggregation.

4 Results and Discussion

4.1 Surface Morphology

The SEM images of the tensile failure cross-section of the hybrid nano composite sample S31 with
10 wt.% TFE, 10 wt.% AFHF and 1 wt.% NCSP at different magnifications is shown in Fig. 2. The SEM image
reveals the 3D form of the presence of TFF, AFHF, and dispersed NCSP in the UPR. The observations show
that both the fibers TFF and AFHF were well intercalated within the hybrid nano composite [31]. A few NCSP
clusters were also noticed in the SEM image of higher magnification in the tensile failure cross-section of the
hybrid nano composite sample S31. On the other hand, TFF and AFHF were well distributed and compactly
packed, leading to a denser hybrid nano composite with enhanced mechanical characteristics. The presence
of NCSP further enhanced the interaction between the TFE, AFHF, and UPR, leading to fewer matrix cracks,
voids, and fiber pullouts [32]. Also, more fiber breakages were noticed, which ensures better fiber matrix
bonding in the hybrid nano composites. Moreover, additional interactions like polar and hydrophobic ones
may help create a reinforcement structure that is firmly bonded to the substrate.

4

Coconut Shell Powder Particle

200 e EWT= 5004V Signal A= 5€1 2opm EHI = 1000V SignatA = SE1
WO = 18.0 mm Mag= S3X | WD = 19.5 mm Mag= 100X

Figure 2: SEM images at various magnifications of the tensile failure cross-section of the hybrid nano composite sample
$31 with 10 wt.% TFE, 10 wt.% AFHF and 1 wt.% NCSP

4.2 Mechanical Characteristics by Experimentation

Table 2 presents the mechanical characteristics of the hybrid nano composites as per the L33 scheme
to predict their mechanical properties. The neat UPR has a tensile strength of 37.31 MPa, which is enhanced
by 130.81% and 103.64% on reinforcing with 20 wt.% of AFHF and TFF, respectively. This is due to the even
distribution of AFHFs and TFFs in the respective composites and better wetting of AFHFs and TFFs by the
UPR [33]. This helps in transferring the stress from the UPR to the AFHFs and TFFs when the corresponding
composites were subjected to tensile loads. Further, increasing the wt.% of fiber in the composite started
deteriorating its tensile characteristics due to the improper wetting of fibers by the UPR. The addition of
NCSP in the neat UPR also enhanced the tensile characteristics of the nano composites, but the increase in
tensile strength is limited to 30.2% due to the lesser wt.% of NCSP filler addition. The reason for restricting
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the wt.% of NCSP filler is that increasing the wt.% of filler leads to particle agglomeration and results in
deterioration of tensile characteristics.

The binary hybrid composites with AFHFs reinforcement material and NCSP as filler material exhibited
a maximum tensile strength of 91.5 MPa. The obtained tensile strength is higher than that of the TFF and
AFHF reinforced composites. The NCSP nanoparticles with higher surface tension improve the interaction
between the UPR and AFHFs leading to better tensile characteristics in the composite [34]. The ternary
hybrid nano composites with TFF and AFHF as reinforcement material and NCSP as filler material possess
tensile strength of 92.07 MPa, which is slightly higher than the composites reinforced with AFHF and
NCSP filler material. This is due to the inherent mechanical characteristics of the AFHF reinforcement
and NCSP filler in the hybrid nano composite. The young’s modulus of the hybrid nano composites varied
proportionately to their tensile strength [35]. The observations on the property of young’s modulus of the
hybrid nano composites reveal that the young’s modulus increased with an increase in tensile strength and
decreased with a decrease in tensile strength. The highest observed young’s modulus is 1.8 GPa for the hybrid
nano composite with 20 wt.% AFHF as reinforcement material and 1 wt.% NCSP as filler material.

The strain at break value of the hybrid composites increased with AFHF and TFF reinforcement in the
composite compared to neat UPR, whereas it decreased for composites reinforced with NCSP alone. The
highest strain at break value noted is 5.88% for the composite with 25 wt.% TFF reinforcement material.
On the other hand, the lowest strain at break value noted is 1.2% for the composite with 5 wt.% NCSP filler
material. The incorporation of fibers like AFHF and TFF in UPR for the formation of composites exhibits
better load transfer characteristics between the fibers and the matrix with fibers as the major load-carrying
member leading to more strain at break values [36]. The incorporation of NCSP filler material alone in UPR
creates discontinuities in the matrix and reduces the composites strain at break values.

The impact characteristics of the hybrid nano composites were found to improve with the reinforcement
of AFHF, TFF reinforcement and NCSP filler material individually and in combination compared to the neat
UPR. The highest impact strength of 7.6 J/cm? is recorded for the ternary composite with 20 wt.% AFHF as
reinforcement material and 1 wt.% NCSP as filler material. This is owing to the fact that the reinforcement
of fibers like AFHF in UPR improves the polymer composites’ elastic nature and shock-absorbing charac-
teristics by taking up the loads. The addition of filler like NCSP further improves the interaction between
the AFHF and UPR in the polymer composite, leading to better load transfer characteristics in the compos-
ite [37]. This prevents the formation and propagation of cracks in the polymer composites when subjected to
impactloads. Thelesser impact strength observed for the polymer composites with NCSP filler reinforcement
alone is owing to the discontinuities in the matrix caused by the NCSP filler, which is susceptible to crack
formation and propagation when subjected to impact loads. In short, the right combination of reinforcement
and filler material at optimum wt.% results in better mechanical characteristics.

4.3 Prediction of Mechanical Characteristics Using ML Techniques

Two distinct models namely RNN and RNN-LV were used in this study to forecast the mechanical
characteristics of nanocomposites. The models mentioned above were chosen based on their capacity to
manage nonlinear data, extrapolate, spot trends, and increase forecast accuracy. 1/4th of the entire dataset
was put aside for testing, and 3/4th was used for training [37]. Finding the ideal hyperparameter setup is
essential throughout the training phase. These hyperparameters, which are preset values chosen prior to the
model’s execution in the context of neural networks, significantly affect the effectiveness of the model. Key
tuning parameters for RNNs and RNN-LV play a crucial role in configuring the network architecture and
training process, ultimately affecting the model’s performance and accuracy [38]. The number of hidden
layers determines the network’s depth. The number of neurons in each hidden layer impacts the network’s
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complexity and learning capacity at each level. Learning rate that regulates the weight update rate during
training, influencing convergence speed and training stability. An activation function that introduces non-
linearity to the model, enabling it to learn complex patterns, and an optimization algorithm that specifies
how the model adjusts its weights to minimize the loss function [39]. ReLU is the activation function utilized
in each layer of both RNN and RNN-LV, and 0.09 is the learning rate. Setting the ideal number of hidden
layers is the initial stage in adjusting the critical hyperparameters. The network’s efficiency is then assessed
by altering the number of neurons in these layers.

4.3.1 Tensile Strength

Fig. 3a,b presents the RNN architecture for tensile strength, correlating R? with the number of hidden
layers and neurons in each hidden layer. On predicting the tensile strength with RNN, the R? tends to
increase with an increase in the number of hidden layers in the training data [40]. On observing the test
data, the R? value declines after three hidden layers. This implies that the three hidden layers are sufficient
to prevent excessive fitting and preserve the intricacy of the data. Now, the number of hidden layers to
predict tensile strength for RNN was fixed as three, and the variation of R* against the number of neurons
was analysed. The R* value tends to increase with an increase in the number of neurons in the training
data, whereas the maximum R value of 0.979 and 0.867 is obtained for 80 neurons in the test and training
data, respectively. Further increases in the number of neurons tend to excessively fit the test data leading to
poor performance. Fig. 4a,b presents the RNN-LV architecture for tensile strength correlating R* with the
number of hidden layers and neurons in each hidden layer. In the case of RNN-LV, the R* value increases
with an increase in the number of hidden layers and neurons in the training data [41]. On the other hand, a
maximum R? value of 0.915 and 0.953 is obtained for two hidden layers and 80 neurons for test and training
data, respectively. Performance declines after this, following a pattern akin to the RNN model’s previously
mentioned trend.

2 Tensile Strength (MPa): R? vs Number of Hidden Layers T Tensile Strength (MPa): R? vs Number of Neurons
ma | | | . " M
064 t t t + 0.6
& &

044 T T T T 0.4

—a— R Train —a— R* Train

—o— R Test (a) —o— R Test (b)
0.0 41— . - . - 0.0 L—r - . - - - - - - -

1 2 3 4 5 10 20 30 40 50 &0 0 80 %0 100
Number of Hidden Layers Number of Neurons

Figure 3: RNN architecture for tensile strength (a) Number of hidden layers and (b) Number of neurons
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Figure 4: RNN-LV architecture for tensile strength (a) Number of hidden layers and (b) Number of neurons

4.3.2 Young’s Modulus

Fig. 5a,b presents the RNN architecture for Young’s modulus correlating R* with the number of hidden
layers and neurons in each hidden layer. On observing the training data set of young’s moduli, the R* value
rises with the addition of the number of hidden layers. This indicates that as more hidden layers are included,
the model will be able to adapt to the training data and identify increasingly intricate patterns [42]. The
observations on test data of Young’s moduli reveal a spike in R? value at four hidden layers, showcasing more
universality by recognizing patterns that pertain to both fresh and training data. Remarkably, the RNN’s
effectiveness on test data declines with the addition of a fourth hidden layer, indicating that the model gets
overly sophisticated and starts to excessively fit the training data, impairing its universality [43]. Now, the
number of hidden layers to predict Youngs modulus for RNN was fixed as four, and the variation of R?
against the number of neurons was analysed. The R* value tends to increase with an increase in the number
of neurons in the training data, whereas the maximum R? value of 0.941 and 0.889 is obtained for 60 neurons
in the test and training data, respectively. Further increases in the number of neurons tend to excessively fit
the test data, leading to poor performance.

Fig. 6a,b presents the RNN-LV architecture for young’s modulus correlating R? with the number of
hidden layers and neurons in each hidden layer. In the case of RNN-LV, the more hidden layers and neurons
there are in the training set, the higher the R? value [44]. In contrast, three hidden layers and 90 neurons
yield maximum R? values of 0.927 and 0.895 for test and training data, respectively. After this, performance
starts to deteriorate to the previously described trend of the RNN-LV model.
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Figure 5: RNN architecture for Young’s modulus. (a) Number of hidden layers and (b) Number of neurons
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Figure 6: RNN-LV architecture for Young’s modulus. (a) Number of hidden layers and (b) Number of neurons

4.3.3 Elongation at Break

Fig. 7a,b presents the RNN architecture for elongation at break, correlating R* with the number of
hidden layers and neurons in each hidden layer. Considering the parameter of elongation at break, the R*
value remains persistent for training data and peaks for the two numbers of hidden layers in the test data [45].
Adding further hidden layers results in excessive fitting and does not increase the network’s predictability,
as a drop in R? value occurs with hidden layers above two. With the number of hidden layers as two, the R?
value is persistent with an increase in the number of neurons for training data and peaks for 100 neurons in
test data, having an R? value of 0.943 and 0.821 for training and test data, respectively. Further increases in the
number of neurons tend to excessively fit the test data, leading to poor performance. Fig. 8a,b presents the
RNN-LV architecture for elongation at break, correlating R? with the number of hidden layers and neurons
in each hidden layer. The RNN-LV model performs well at three hidden layers with an R* value of 0.898
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for test data, despite the constant trend in the training data in the case of elongation at the break parameter.
With three as a hidden layer, the variation of R* with the number of neurons was interrogated. Irrespective
of the number of neurons, the R? value was persistent for the training data, which reveals a better fit of the
model [46]. On the other hand, maximum R? value of 0.606 and 0.934 is obtained for three hidden layers
and 80 neurons for test and training data, respectively. After this, performance starts to deteriorate like the
previously described trend of the RNN-LV model.
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Figure 7: RNN architecture for elongation at break. (a) Number of hidden layers and (b) Number of neurons
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Figure 8: RNN-LV architecture for elongation at break. (a) Number of hidden layers and (b) Number of neurons

4.3.4 Impact Strength

Fig. 9a,b presents the RNN architecture for impact strength correlating R? with the number of hidden
layers and neurons in each hidden layer. On predicting the impact strength with RNN, the R? tends to
increase with an increase in the number of hidden layers in the training data, showcasing better learning
capability in the training phase [47]. On observing the test data, the R* value declines after four hidden layers.
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This implies that the four number of hidden layers is sufficient to prevent excessive fitting and preserve the
intricacy of the data. Now, the number of hidden layers to predict impact strength for RNN was fixed as four,
and the variation of R? against the number of neurons was analysed. The R? value tends to increase with an
increase in the number of neurons in the training data, whereas the maximum R? value of 0.946 and 0.938 is
obtained for 50 neurons in the test and training data, respectively. Further increases in the number of neurons
tend to excessively fit the test data, leading to poor performance. Fig. 10a,b presents the RNN-LV architecture
for impact strength correlating R* with the number of hidden layers and neurons in each hidden layer. In the
case of RNN-LV, the R* value is persistent with an increase in the number of hidden layers and neurons in
the training data [48]. On the other hand, in the case of test data, the R* value increases with an increase in
the number of hidden layers implying that enhancing the neural network’s depths can contribute to better
efficacy overall. On observing the variation of R? concerning the number of neurons, the maximum R? value
of 0.962 and 0.964 is obtained for three hidden layers and 80 neurons for test and training data, respectively.
Performance declines after this, following a pattern akin to the RNN model’s previously mentioned trend.
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Figure 9: RNN architecture for tensile strength. (a) Number of hidden layers and (b) Number of neurons
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Figure 10: RNN-LV architecture for tensile strength. (a) Number of hidden layers and (b) Number of neurons
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4.3.5 Interpretation of Model Predictions

Fig. 11a,b presents the Shapley Additive Explanations (SHAP) and Partial Dependence Plots (PDPs)
which are commonly used in machine learning models to interpret the results obtained through prediction
models. A SHAP plot provides a visual interpretation of a machine learning model by illustrating the
contribution of each input feature to individual predictions. Positive SHAP values indicate features pushing
the prediction higher, while negative values show features pulling it down. The color gradient typically
represents the feature’s value. By aggregating this information across many predictions, SHAP plots highlight
which features are most influential overall. As seen in Fig. 11a, the SHAP plot indicates that AFHF possesses
more influence on the properties of the composite followed by TFF and finally NCSP. The PDP illustrates
the relationship between a particular feature and the predicted outcome of a machine learning model, while
averaging out the effects of all other features. It helps in understanding whether a feature has a linear,
monotonic, or more complex influence on the target variable. PDPs are useful for interpreting complex
models by visualizing marginal effects and identifying thresholds, nonlinear behavior, or interactions that
may influence model decisions. The observations from Fig. 11b indicate that the RNN and RNN-LV models
were positive in predicting the impact of AFHF and NCSP on the composite materials properties whereas
negative in the case of TFE.
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Figure 11: (Continued)
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Figure 11: Interpretation of the prediction results. (a) SHAP plot and (b) PDPs

4.4 Prediction Accuracy of the Models

For every one of the mechanical characteristics under analysis, an assessment of the coefficient of
determination was conducted to select the best prediction model. The capacity of a model to articulate
the variation of the data is gauged by this coefficient [48]. Although it can account for a larger percentage
of the variance in the data, an increased R* number implies a superior fit for the model. These results
suggest that instead of depending only on the characteristics of the system, the best machine learning model
should be chosen based on the particular mechanical attribute that has to be foreseen. As previously pointed
out, each mechanical characteristic is impacted by several variables that include the bonding among the
substrate and the reinforcement, the interactions among the reinforcements and the substrate, the substrate
modulus, strength, and reinforcement’s moduli, as well as the ductility [49]. The complicated structure of the
nanocomposites in the present research suggests that they consist of four separate elements. It is challenging
to make generalizations to one model that applies to all of the mechanical qualities under investigation
because of the added complication.

Fig. 12 shows the variation between the measured value and predicted value using the models with the
maximum R? value for each mechanical characteristic. The iterations were repeated 10 times with identical
conditions in order to evaluate the model’s repeatability. Although the dots are clustered along the diagonal
line, which denotes an ideal model fit, the graphs show a significant relationship between the projected
values and the actual measurements. The plot’s slope, which is consistently very near to 1.0, serves as proof
of validity [50]. The most accurate prediction is obtained for elongation at break with an R* value of 0.956
preceded by impact strength. On the other hand, the lowest accuracy is noted for tensile strength. This
behavior is explained by the nanocomposite’s anisotropy. Actually, the models based on machine learning
do not take into account the anisotropic behavior that could be more noticeable for the tensile strength if
the reinforcements and nanofiller were preferentially oriented in a specific direction [51]. Even while the
nanofiller appears to be scattered arbitrarily in this investigation, the existence of tiny clusters in some areas
may cause some anisotropy, which may have a greater impact on the tensile strength than the elongation
at break. As a whole, the findings presented here show that the theoretical predictions and the practical
measurements coincide quite well.

The mean absolute errors (MAE) and minimum squared errors (MSE) were evaluated as well in order
to evaluate the reliability of the machine learning algorithms used here; the findings are compiled in Table 3.
Many researchers agree that the MSE and MAE are crucial confirmation criteria for machine learning
algorithms [52]. Fig. 13a—d presents the comparison of RNN and RNN-LV predicted values with traditional
models like Decision Tree (DT) and Random Forest (RF). The more accurately the attribute is predicted,
the lower the MSE and MAE values. In the case of tensile strength, RNN-LV has a lower MSE (0.1526) and
MAE (0.2743) value compared to RNN, indicating that RNN-LV is an efficient prediction algorithm for
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tensile strength compared to RNN (Fig. 13a). Similarly, RNN-LV is also efficient in predicting the impact
characteristics of the hybridized nanocomposites. On the other hand, RNN has the least MSE and MAE
values compared to RNN-LV in predicting the Young’s modulus and elongation at break of the hybridized
nanocomposites (Fig. 13b). Also, it was observed that slightly higher deviations were noticed in strain at
break values as shown in Fig. 13c. Moreover, the predicted values of the RNN and RNN-LV models are in
good agreement with the predictions of the traditional DT and RF models. Especially in the case of impact
strength, the traditional models RF and DT show much closer agreement with RNN and RNN-LV predicted

values, as shown in Fig. 13d.
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Figure 12: Variation between the measured value and predicted value using the models with maximum R? value. (a)
Young’s modulus, (b) Tensile strength, (c) Elongation at break and (d) Impact strength
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Table 3: Evaluation of MSE and MAE for RNN and RNN-LV
Error RNN RNN-LV
Tensile streneth MSE 0.3434 0.1526
& MAE 04562  0.2743
Youne’s modulus MSE 0.5574 0.7796
& MAE  0.6787  0.9919
MSE 0.3478 0.5691
El i
ongationatbreak /b (576 07498
Impact streneth MSE 0.8256 0.3478
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Figure 13: Comparison of RNN and RNN-LV predicted value with traditional models like DT and RE. (a) Tensile
strength, (b) Young’s modulus, (c) Strain at break and (d) Impact strength

5 Conclusion

A significant financial outlay and an enormous amount of experimental effort are needed for the creation

of hybridized nanocomposites of polymers at various scales. Since the ingredients of these components have
a significant impact on their functionalities, it is challenging to anticipate their properties with any degree of
accuracy. In this work, hybridized nanocomposites strengthened with TFFs, AFHFs, and NCSPs were created
using UPR as the matrix. Young’s modulus, impact resistance, strain at break, and tensile strength were
measured experimentally using stress-strain and impact experiments. Additionally, the impact of several
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factors on the models’ accuracy was examined, as well as the efficacy of two ML-based regression models
RNN and RNN-LV, in predicting these mechanical features.

o Tensile strength of the hybridized nanocomposites was well predicted by the RNN-LV model with 2
hidden layers, 80 neurons and maximum R? values (0.915-test and 0.953-training).

o The same algorithm predicts the impact strength effectively with 3 hidden layers, 80 neurons and
maximum R? values (0.962-test and 0.964-training).

o Young’s modulus of the hybridized nanocomposites was well predicted by the RNN model with 4 hidden
layers, 60 neurons and maximum R? values (0.941-test and 0.989-training).

o The same algorithm predicts the elongation at break effectively with 2 hidden layers, 100 neurons and
maximum R? values (0.921-test and 0.943-training).

o Although the algorithms employed in this study fit the experimental findings quite well, they have some
drawbacks due to their complexity, which suggests the existence of four separate components.

o Every mechanical characteristic is affected by several variables, such as the form, orientation, and size
of the reinforcements and nanofiller, the interfacial adhesion between the reinforcements and nanofiller
with the matrix, and the clustering of the nanoparticles. These variables may be responsible for the
discrepancies between the experimental and anticipated data.

Ultimately, the findings presented here support the validity of the machine learning algorithm’s capacity
to precisely estimate and forecast the particular mechanical characteristics of hybridized nanocomposites.
Now, the obtained optimal material combination resembling maximum mechanical characteristics can be
used to fabricate hybrid composites with specific functional characteristics. Amongst the many important
advantages of this method are the large decrease in laboratory experimentation and the resulting optimi-
sation of the duration and expenses related to material procurement and repeated physical testing. Since
simulations may be used to assess various material compositions and alternatives, this enables improved
effectiveness in the development and design of new hybridized nanocomposites, conserving both time and
money during the phase of study and development.
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