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Abstract

The process of predicting mechanical properties in composite materials is an important
challenge owing to their nonlinear and composition-dependent nature. In this research,
a hybrid deep learning architecture fusing Artificial Neural Network (ANN) with Long
Short-Term Memory (LSTM) networks is employed for the prediction of tensile strength,
flexural strength, impact strength, and hardness for different weight composition compos-
ites. The composite was prepared with fiber contents of 0%, 5%, 10%, and 15% and was
tested mechanically with respect to four different tests—tensile test, flexural test, impact
test, and hardness test—to study the influence of fiber content variation on the physi-
cal characteristics of the material. The experimental dataset was used for both training
and validation, while the intermediate compositions were suitably estimated using the
devised hybrid architecture. It is observed that the ANN LSTM model exhibits superior
predictability with R2 greater than 0.996 in all cases, which validates its capability to model
complex material-property relations. This hybridization is a very computationally efficient
and reliable approach for material optimization by minimizing the need for large-scale
experimental trials. The results substantiate the value of ANN LSTM hybridization as a
very strong predictive tool for composite material engineering.

Keywords: ANN; LSTM; tensile strength; flexural strength; impact strength and hardness

1. Introduction
Composite materials have become indispensable in modern engineering due to their

superior strength-to-weight ratio, durability, and adaptability compared to traditional
conventional alloys and polymers [1]. Their applications span aerospace, automotive, civil
infrastructure, and biomedical fields where mechanical performance, including tensile
strength, flexural resistance, impact toughness, and hardness, is of paramount importance
regarding reliability and service life [2]. Traditional experimental approaches have been
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very accurate for the characterization of these properties; however, they are resource-
intensive, time-consuming, and limited in scalability [3]. This has motivated the adoption
of machine learning and deep learning approaches for the prediction and optimization of
properties, allowing for data-driven material design and accelerated discovery [4].

Artificial Neural Networks (ANN) have been widely used to model nonlinear correla-
tions of composition and processing parameters with mechanical properties of compos-
ites [5]. As an example, ANN-based models successfully predicted the hardness and tensile
strength in LM4 metal matrix composites [6] and tensile and flexural properties in wood–
polymer systems [7]. The application of ANN frameworks was extended to hybrid polymer
composites reinforced with hexagonal boron nitride (h-BN), giving accurate predictions
of strength and toughness [8]. Similarly, ANN has also been deployed for cementitious
composites incorporating fly ash and waste slag and demonstrated strong generalization
across heterogeneous datasets [9].

Machine learning techniques are being used more frequently for predicting the me-
chanical behavior of composite materials and cementitious materials, from feedforward
systems to more sophisticated systems that allow retention of knowledge as the behav-
ior of material properties changes over time and process stages. The above-mentioned
change is particularly applicable to those materials whose performance is dependent on
time-sequence phenomena like the development of concrete strength in curing time or
cumulative deformation of composite material during the manufacturing process. The
LSTM network and its variants have been suggested for solving this class of problems
based on the ability of the system to maintain knowledge through a series of inputs.

In the case of concrete, Prem Anand et al. [10] developed a lightweight Bi-LSTM model
that predicted the mechanical properties but did so with great accuracy while maintaining
a computational efficiency of the network sufficient for practical implementation despite
the validation being limited to only a small range of mix types. With respect to composite
materials, Deng et al. [11] utilized the CNN-LSTM framework in combination with finite
element analysis in order to estimate the spatio-temporal, curing-related deformations
of composite structures and found that the combination of spatial feature extraction and
sequential learning led to better prediction of deformations; nevertheless, since the authors
used the FE-based data for training, the issue of transferability of the proposed model to
experimentally measured deformations remains open. Jian et al. [12] used a bidirectional
LSTM network to forecast very high-cycle fatigue behavior of thin plates made of CFRP
subjected to random loadings, showing that a recurrent model is able to take advantage of
the sequence in fatigue data better than the traditional regression approach, but only one
laminate sample was used for reporting the performance of the model.

One challenge that can be found in most of these LSTM models is the lack of sufficient
experimental data for training due to the fact that labeled data is hard to obtain. Cheung,
Uvdal, and Mirkhalaf [13] tackled the problem directly by suggesting methods of aug-
menting the data used to train deep learning models for composites, leading to significant
improvements in the robustness of models trained on small amounts of experimental data.
Though this approach provides a clear way forward for making recurrent and hybrid
models stronger, it also clearly demonstrates that data shortage is an unresolved issue.

In addition to sequential models, standard ANN models as well as hybrid ANN
models were also applied for the prediction of material behavior using static or geometrical
parameters. Maheswaran et al. [14] employed an implicit geometric descriptors-based
ANN to forecast the properties of architected nanofibrous material such as Young’s mod-
ulus, maximum stress, and energy absorption. This approach is accurate but is highly
dependent on the exact geometric representation that might not be available for fabri-
cated materials. Wang et al. [15] used FEM with ANN to predict the flexural strength of
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CFRP-reinforced concrete T-beams, and Zhao et al. [16] used ANN models for estimat-
ing tensile and compressive strengths for recycled mortar systems; however, both these
studies reveal that ANNs could be used as an alternative to expensive experiments or
simulations, but the samples used in both cases were relatively smaller than other reviews,
e.g., Qiu and Yang [17], that conclusively reinforce this trend in the field, suggesting that
model-based approaches are increasingly becoming an essential part of composite design.
However, most models described have been validated through independent data sets,
without standardized comparison among them. Ulkir and Ersoy [18] combined ML with
experimental testing for characterizing polymer composites formed by the FDM method
and demonstrated the superior performance of ANN compared to regression techniques
for the identification of nonlinear and multivariate relationships, whereas Sharma et al. [19]
applied ML for predicting hardness in polypropylene/carbon nanotubes and LDPE/carbon
nanotube composites.

Despite this progress, the integration of ANNs with sequential learning methods such
as LSTM remains underexplored in composite material studies. A majority of prior works
are limited to either static ANN frameworks or purely temporal LSTM models without full
exploitation of their respective complementary strengths.

The present study fills this gap in the literature by proposing a hybrid ANN–LSTM
technique in order to model the tensile, flexural, impact, and hardness properties of com-
posite materials. By capturing both nonlinear correlations and sequential dependencies,
the proposed approach ensures consistently high prediction accuracy with performance
metrics such as R2 exceeding 0.996, hence demonstrating strong applicability for intelligent
material design in Industry 4.0 frameworks.

It is important to clarify why an LSTM component is included despite the discrete
nature of the composition levels (0%, 5%, 10%, and 15%) rather than a continuous time
series. Here, the LSTM does not model physical time; instead, the four composition levels
are treated as an ordered sequence, and the LSTM gating mechanisms are used to learn
the monotonic trend and rate-of-change relationships between successive filler-loading
steps information that a purely feed-forward ANN would treat as independent, unordered
inputs. This sequence-aware treatment is intended to yield smoother and more physically
consistent interpolation at untested intermediate compositions than a feed-forward-only
model, at the cost of added architectural complexity. We acknowledge that this benefit
has not yet been directly benchmarked against a feed-forward-only ANN baseline on this
dataset, and we identify this comparison as an important direction for future validation of
the hybrid architecture.

2. Materials and Methods
2.1. Materials Selection and Preparation

The composite specimens examined in the present research work were fabricated using
thermosetting polyester resin as the main matrix material. This resin system was chosen
because of its favorable properties, such as good mechanical performance, dimensional
stability with variable environmental exposure, and suitability for easy processing by
conventional manufacturing techniques. Polyester resin belongs to the epoxide family,
possessing excellent compatibility with both natural and synthetic reinforcement materials
at a reasonable cost regarding structural composite applications.

Sisal fiber and cashew nut shell agricultural waste biochar-based fillers are incorpo-
rated into the matrix system. These reinforcement materials were chosen based on a number
of considerations, including their wide availability as wastes, environmental sustainability,
biodegradability, and proven potential to improve both mechanical load-carrying ability
and erosion resistance characteristics of polymer composite systems.
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All the filler materials were subjected to various systematic preparation procedures
prior to their incorporation into the matrix to ensure their best performance in the final
composite. The raw filler materials were subjected to thermal drying processes with the
intention of removing the residual moisture content to avoid interference with resin-filler
bonding. The dried materials were then mechanically milled using high-speed grinding
equipment to reduce their particle dimensions. The milled particles were passed through
standardized sieves for uniformity of particle size distribution within a controlled range,
ensuring homogenous dispersion throughout the resin matrix and promoting consistent
mechanical properties among all fabricated specimens.

2.2. Composition Formulations

Four different filler loading configurations were established for this investigation,
representing systematically varied reinforcement levels, as presented in Table 1. These
specific loading fractions were deliberately selected to facilitate exhaustive characterization
of how progressive filler content influences mechanical behavior for the resultant compos-
ite materials. The baseline composition, without any filler content, represents the control
formulation and offers reference values of mechanical properties for the neat polyester ma-
trix. The intermediate loading levels allow the systematic study of property improvement
mechanisms with increasing filler content. Also, these discrete experimental compositions
offer the necessary data structure for the development of predictive computational models,
which can estimate the mechanical properties at untested, intermediate filler fractions
throughout the investigated range of composition.

Table 1. Composite formulations with varying filler loadings used in this study.

Composition ID Filler Loading (wt%) Reinforcement Level Purpose in Study

C0 0 Baseline (Unreinforced
Matrix)

Control formulation used as the
reference for neat polyester

matrix properties.

C5 5 Low Reinforcement
Evaluates the initial effect of filler

addition on composite
mechanical behavior.

C10 10 Moderate Reinforcement
Examines progressive property
enhancement with increasing

filler content.

C15 15 High Reinforcement
Assesses the influence of high

filler loading on composite
performance.

2.3. Specimen Fabrication Procedure

The process of preparing the composite specimen is shown in Figure 1. The composite
specimen was prepared by a combination of hand lay-up and compression molding, which
is one of the methods used to produce polymer composite materials that ensures consistent
quality and dimensional accuracy. For each composition formulation, measured quantities
of polyester resin and filler materials were determined with the use of calibrated digital
weighing equipment for the purpose of attaining proper weight percentages. The weighed
resin and filler components were mixed together in a mixing vessel and subjected to
vigorous mechanical stirring with the aim of homogeneously distributing the filler particles
in the liquid resin. Particular attention was paid to the breaking up of any agglomerates
that may have formed and to ensuring that the filler surfaces were fully wetted by the resin
matrix. After proper mixing, a proper amount of curing agent, namely methyl ethyl ketone
peroxide, was added together with an adequate accelerator compound, which provided
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the proper initiation of cross-linking polymerization reactions. The catalyzed mixture
of resin and filler was carefully poured into pre-prepared molds with cavity dimensions
according to the needs of subsequent mechanical testing standards. The compression
pressure in filled molds was controlled at ambient temperature. The objectives of this
compression include eliminating entrapped air bubbles, which may create void defects,
ensuring uniform thickness throughout the specimen, and developing intimate contact
between the resin and the filler surfaces.

Figure 1. Composite specimen fabrication steps.

Demolded composite laminates were then given post-curing heat treatment after initial
ambient temperature curing for a specific duration, during which the main cross-linking re-
actions could proceed substantially to completion. Such an elevated temperature increases
the degree of polymerization and the density of cross-links in the polymer network, hence
improving the mechanical strength and dimensional stability of the final composite speci-
mens. The post-cured laminates were subsequently machined into the final test specimen
dimensions based on the geometry requirements of the respective testing standards.
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2.4. Methodology Overview

Figure 2 presents the proposed framework for the hybrid ANN-LSTM methodology
in predicting mechanical properties of biochar-reinforced polyester composite materials.

Figure 2. Hybrid ANN-LSTM methodology.

The research framework sets the structure for the deep learning architecture that
merges artificial neural networks with long short-term memory networks. Mechanical
property data is collected through experimental processes of mechanical testing at discrete
filler loading levels (0%, 5%, 10%, 15% by weight) with five replicate specimens for every
composition, while tensile strength was assessed using ASTM D3039/D3039M [20,21],
flexural strength was measured according to ASTM D7264/D7264M [20,22], impact
strength tested via ASTM D256/D256M [20,23] and hardness according to ASTM
E384/11e1standard [24,25] Data preprocessing involves normalization, feature scaling,
and the train–test split to create optimal conditions for the model to be trained. The hybrid
architecture will merge the ANN layers for feature extraction with the LSTM layers for
sequential modeling, optimized with the mean squared error loss function and using the
Adam and RMSprop optimizers with tunable hyperparameters: learning rate, batch size,
epochs, and hidden units. Model performance will be evaluated using five statistical
metrics, namely, mean absolute error, mean squared error, root mean squared error, mean
absolute percentage error, and coefficient of determination, to affirm its prediction accuracy
and generalization capability.

2.5. Research Framework

The present study is based on a hybrid deep learning architecture that combines
ANN with LSTM networks to model the mechanical properties of biochar-reinforced
polyester composites for different filler composition percentages. The methodological scope
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includes experimental data collection, rigorous preprocessing procedures, hybrid model
architectural design, protocols for training and validation, and performance evaluation.

2.6. Mechanical Property Testing and Experimental Data Collection

Experimental measurements were acquired on composite test specimens fabricated at
discrete intervals of filler loading: 0%, 5%, 10%, and 15% by weight, respectively, accord-
ing to standardized testing protocols. Four critical mechanical properties were systema-
tically measured.

Tensile Strength Evaluation: Tensile testing was done using a make/model universal
testing machine, which was equipped with pneumatic grips, following the standards
of ASTM D3039/D3039M. Tensile strength characterization was conducted following
the standardized procedures outlined, which detail specimen geometry, requirements
for apparatus, and procedural protocols for determining tensile properties of polymer
materials. The dimensions of the rectangular specimens that were prepared from the cured
composite laminates using precision cutting equipment included gauge length, width,
and thickness. All tests were conducted on a universal testing machine using pneumatic
or mechanical grips that provided uniform axial loading with no stress concentrations
at the grip interfaces. The specimens were installed in the testing machine with careful
attention given to alignment in order to ensure axial loading without bending moments.
Tensile load was uniformly applied through a cross head displacement rate in accordance
with the standard until specimen failure. The load applied and the resulting elongation of
the specimen were measured continuously during the test. Tensile strength values were
calculated from the load-displacement data as the maximum sustained load divided by the
original cross-sectional area of the gauge section. In order to ensure statistical reliability in
the measurement of tensile strength values, several replicate specimens of each composition
were tested.

Flexural Strength Assessment: The flexural properties were determined in accor-
dance with the ASTM D7264/D7264M standard test methods for flexural properties of
unreinforced and reinforced plastics/polymers and electrical insulating materials. A three-
point bending configuration is involved in this testing procedure, in which a simply
supported beam specimen is loaded at its midpoint. Rectangular bar specimens with
length-to-thickness ratios meeting the requirements of the standard were prepared from
each composite formulation. The specimens were positioned on support spans separated
by a certain distance; a loading nose with a prescribed radius was brought into contact with
the specimen’s upper surface at the midpoint between supports. The tests were performed
under a constant rate of cross-head motion, applying bending stress that varies linearly
through the specimen thickness, with maximum tensile stress at the bottom surface and
maximum compressive stress at the top surface. The applied load and corresponding
center deflection were continuously recorded until specimen failure. Flexural strength was
determined from the maximum load using standard beam bending equations, which took
into consideration specimen geometry and support span configuration. Testing of several
replicate specimens provided statistical validation of the measured flexural strength values.

Impact Strength Determination: Impact resistance was quantified using Izod impact
testing methodology according to ASTM D256/D256M. This test method measures the
energy absorbed by a specimen when fractured under high-rate loading conditions rep-
resentative of sudden impact scenarios encountered in service applications. From the
composite materials, notched specimens of standardized dimensions and notch geometry
were prepared. The presence of a controlled notch introduces a stress concentration that
ensures consistent fracture initiation location and promotes complete specimen fracture.
Each specimen was mounted in a cantilever configuration, clamped at one end with the
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notch positioned on the tension side facing the direction of pendulum impact. Testing was
done using a pendulum impact tester, previously calibrated and with known potential
energy. The pendulum was then released from a standardized height, swinging through
an arc to strike the free end of the cantilevered specimen opposite the clamped end. The
energy absorbed during specimen fracture was determined from the difference between
the pendulum’s initial potential energy and its residual energy after breaking the specimen,
measured by the pendulum’s swing height on the opposite side. The impact strength was
calculated as the absorbed energy divided by the cross-sectional area of the specimen at
the notch location. Several specimens of each composition were tested to provide reliable
average impact strength values along with statistical measures of variability.

Hardness Measurement: Surface hardness was determined through the Vickers hard-
ness testing technique based on the ASTM E384/11e1 standard for micro indentation
hardness of materials. The technique involves indenting the specimen surface with a
diamond indenter that has a square pyramidal geometry under a definite load for a specific
time. Composite specimens were prepared with flat, polished surfaces. These provided a
smooth test surface free from surface irregularities that may affect measurement accuracy.
The diamond indenter was brought into contact with the specimen surface and loaded
to a given force level, which was held constant for a standard dwell time, enabling time-
dependent deformation to stabilize. The residual indentation impression on the specimen
surface, after the removal of the applied load, was examined using a calibrated optical
microscope. Precise measurements of the diagonal dimensions of the square indentation
were taken from which the Vickers hardness number was calculated as the applied load
divided by the surface area of the indentation based on its measured diagonal lengths.
Several indentation measurements over different locations in each specimen were car-
ried out to account for possible variations in local properties and to establish statistically
representative hardness values for each composite composition.

2.7. Data Preprocessing
2.7.1. Normalization Procedure

Input features, composition percentage and target variables, and mechanical proper-
ties, in this case, are normalized to the range of 0–1 using min–max scaling transformation
in order to facilitate neural network convergence and prevent features with larger numerical
ranges from dominating the learning process [26,27].

Xnorm =
X − Xmin

Xmax − Xmin
(1)

where, Xnorm = normalized value; X = original measured value; Xmin = minimum value in
the dataset, and Xmax = maximum value in the dataset.

This normalization ensures that all input and output variables contribute pro-
portionally during training and avoids bias toward properties with bigger measure-
ment magnitudes.

2.7.2. Dataset Partitioning Strategy

This experimental dataset consists of four different composition level measurements,
which were divided into three strategic parts: 70% for training, 15% for validation, and
another 15% for testing. Stratified sampling was employed to retain the compositional distri-
bution representative in all the splits (each subset will contain a proportional representation
of different loading levels). The training subset will be used to optimize the parameters of
the model, the validation subset for hyperparameter tuning to avoid overfitting, and the
test subset to evaluate the performance of the model.
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2.8. Hybrid ANN-LSTM Architecture
2.8.1. Artificial Neural Network Component

The ANN module consists of multiple fully connected (dense) layers to extract the fea-
tures for capturing the complex nonlinear relationships between composition percentages
and resulting mechanical properties. The forward propagation computation through each
layer follows the works of [28,29]

h(l) = f
(

W(l)·h(l−1) + b(l)
)

(2)

where h(l) = activation output vector at layer l; W(l) = weight matrix for layer l; b(l) = bias
vector for layer l; f(·) = activation function, and h(l−1) = input from previous layer.

ReLU was used as an activation function for all the hidden layers in order to introduce
non-linearity along with reducing the problem of vanishing gradients [30].

ReLU (x) = max(0, x) =
{

x if x > 0 0 if x ≤ 0 (3)

The ReLU function allows the network to learn higher-order features while keeping
the computations more efficient compared with the usual sigmoid or hyperbolic tangent
activations, thus reducing training times.

2.8.2. Long Short-Term Memory Component

LSTM networks were integrated to capture sequential dependencies and temporal
patterns in compositional data evolution [31,32]. The architecture of LSTMs uses special
gating mechanisms that control the flow of information through the network. At each time
step “t”, the operations of the LSTM cell are controlled by the following equations.

Forget Gate: Controls which information from the previous cell state should be dis-
carded [29].

ft = σ(Wf·[ht−1, xt] + bf) (4)

Input Gate: Specifies which new information is to be stored in the cell state [32].

it = σ(Wi·[ht−1, xt]+ bi) (5)

Candidate Cell State: Generates new candidate values that will be added to the cell
state [31].

~
Ct = tanh (WC·[ht − 1,xt] + bC) (6)

Cell State Update: Merges lost information with new candidate values [32].

Ct = ft ⊙ Ct−1 + it ⊙
~
Ct (7)

Output Gate: Determines what information from the cell state should be output [31].

ot = σ(Wo·[ht−1, xt]+bo) (8)

Hidden State: Final output from LSTM cell at current time step.

ht = ot ⊙ tanh (Ct) (9)

where σ(·) = sigmoid activation function: σ(x) = 1
1+e−x ; tanh (·) = hyperbolic tangent

activation function: tanh (x) = ex−e−x

ex+e−x ; ⊙ = element-wise multiplication (Hadamard
product); Wf, Wi, WC, Wo = weight matrices for forget, input, candidate, and output gates
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respectively; bf, bi, bC, bo = bias vectors for respective gates; xt = input vector at time step
t; ht = hidden state vector at time step t; ht−1 = hidden state from previous time step;
Ct = cell state vector at time step t, and Ct−1 = cell state from previous time step.

2.8.3. Hybrid Architecture Integration

The hybrid framework combines features extracted through the ANN component in
a synergistic manner with the temporal representations generated by the LSTM compo-
nent [33]. The integration is carried out by concatenation of the final hidden state from the
ANN layers with the LSTM output [33].

ypred = Wout·[hANN; hLSTM] + bout (10)

where [hANN; hLSTM] = concatenated feature vector combining ANN and LSTM outputs;
Wout = output layer weight matrix; bout = output layer bias vector, and ypred = predicted
mechanical property value.

This architecture exploits the complementary strengths of both components: ANN’s
ability to learn complex nonlinear mappings and LSTM’s strength in capturing sequential
dependencies and long-range relationships in data.

2.9. Loss Function and Optimization
2.9.1. Mean Squared Error Loss Function

The objective of model training was the minimization of Mean Squared Error (MSE)
between predicted values and actual experimental measurements [34,35].

LMSE =
1
N∑ i = 1N

(
yi − ŷi)

2 (11)

where LMSE = mean squared error loss; N = total number of training samples; yi = actual
experimental value for sample i, and ŷi = predicted value for sample i.

The MSE loss function was adopted since it, by squaring, gives a heavier penalty to
larger errors—a principle of encouraging the model to minimize large deviations while still
being differentiable for gradient-based optimization.

2.9.2. Adam Optimizer Algorithm

A very common choice, the Adam optimizer was adapted for updating parameters
because of its adaptive learning rate and computational efficiency properties [36,37]. The
Adam algorithm combines the advantages of AdaGrad and RMSProp optimizers with the
following update rule.

First Moment Estimate (momentum) [36]:

mt = β1mt−1 + (1 − β1)gt (12)

Second Moment Estimate (uncentered variance) [37]:

vt = β2vt−1 + (1 − β2)g
2
t (13)

Bias-Corrected First Moment [36]:

m̂t =
mt

1−βt
1

(14)

Bias-Corrected Second Moment [37]:
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v̂t =
vt

1−βt
2

(15)

Parameter Update Rule [36]:

θt = θt−1−α
m̂t√

v̂t + ϵ
(16)

where θ = model parameters (weights and biases); gt = gradient of loss function with
respect to parameters at time step t; mt = exponentially weighted average of gradients (first
moment); vt = exponentially weighted average of squared gradients (second moment);
α = learning rate (set to 0.001); β1 = exponential decay rate for first moment estimates (0.9);
β2 = exponential decay rate for second moment estimates (0.999); ϵ = small constant for
numerical stability (10−8), and t = current iteration number.

2.9.3. Model Hyperparameters

Below are the hyperparameters (Table 2) that were determined through systematic
grid search optimization and cross-validation in order to maximize predictive performance.

Table 2. Hyperparameter settings used for training the proposed ANN–LSTM hybrid model.

Hyper Parameter Value Description

ANN Hidden Layers 3 Number of fully connected layers in ANN component
Neurons per ANN Layer [64, 128, 64] Neuron configuration for each hidden layer

LSTM Units 50 Number of LSTM cells in 1st LSTM layer
Dropout Rate 0.2 Probability of neuron deactivation during training

Batch Size 16 Number of samples processed before parameter update
Maximum Epochs 500 Maximum number of complete dataset iterations

Initial Learning Rate 0.001 Step size for parameter updates
Early Stopping Patience 50 Epochs without improvement before training termination

Dropout regularization was used after dense layers in order to prevent over fitting by
randomly turning off 20% of neurons at each iteration of training, forcing the network to
learn robust features that generalize well to unseen data.

2.10. Performance Evaluation Metrics
2.10.1. Mean Absolute Error

Mean absolute error represents the average magnitude of prediction errors without
taking their direction into consideration [38].

MAE =
1
N∑N

i=1 |yi − ŷi| (17)

where the absolute value ensures that all errors contribute positively, whether the predic-
tions overestimate or underestimate actual values.

2.10.2. Root Mean Squared Error

Root Mean Square Error gives a measure of prediction accuracy, with greater weight
given to larger errors.

RMSE =

√
1
N∑N

i=1(yi − ŷi)
2 (18)

RMSE is expressed in the same units as the predicted variable. Therefore, one may
directly interpret the typical magnitude of prediction error.
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2.10.3. Coefficient of Determination

The coefficient of determination (R2) is a statistical measure that indicates the propor-
tion of variance in the dependent variable predictable from the independent variable [39].

R2= 1− ∑N
i=1(yi − ŷi)

2

∑ i = 1N(yi − y)2
(19)

where y = 1
N ∑N

i=1 yi is the mean of actual values; R2= 1 indicates perfect predictions, and
R2= 0 indicates predictions no better than the mean baseline.

2.10.4. Mean Absolute Percentage Error

Mean Absolute Percentage Error expresses the prediction accuracy as a percentage of
actual values [40].

MAPE =
100%

N ∑N
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (20)

MAPE gives scale-independent error assessment; hence, it can compare prediction
accuracy of properties whose measurements are on different scales.

2.11. Model Training Protocol
2.11.1. Training Procedure

The model was trained using mini-batch gradient descent. Specifically, the Adam
optimizer was used. Within a single epoch, the training dataset was first shuffled randomly
and then divided into small batches, each containing 16 samples. For each batch, the
forward propagation computed the predictions; the loss function evaluated the prediction
error, back propagation computed gradients, and the optimizer updated model parameters.

2.11.2. Early Stopping Mechanism

Early stopping with monitoring of validation loss was applied to prevent overfitting
and ensure an optimum generalization capability. On each training epoch, the validation
loss was checked. The model checkpoint that achieved the minimum validation loss was
retained. When 50 consecutive epochs showed no further improvements in validation
loss, automatic termination would take place to balance model complexity with generaliza-
tion performance. With only four unique composition levels and five replicates per level
(n = 20 experimental data points), the risk of overfitting over the specified maximum of
500 epochs is substantial; this is why early stopping (patience = 50 epochs), five-fold cross-
validation, dropout (rate = 0.2), and a held-out 15% test split were all used jointly rather
than relying on epoch count alone to control generalization. In practice, the early-stopping
criterion terminated training well before the 500-epoch ceiling was reached in all folds, and
the small, consistent gap between training and validation loss (Section 3) indicates that
the model did not memorize noise in the small dataset. We nonetheless recognize that,
with only four discrete composition levels, formal confirmation of generalization perfor-
mance will require validation against additional independently collected compositions in
future work.

2.11.3. Learning Rate Scheduling

A learning rate reduction strategy was followed whereby the learning rate is reduced
by a factor of 0.5 if the validation loss has stopped improving within a patience of 20 epochs.
Such adaptive learning rate scheduling allows fine-tuning of model parameters in the later
stages of training, improving convergence to optimal solutions.
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2.11.4. Cross-Validation Strategy

K-fold cross-validation with k = 5 folds was implemented to evaluate model robustness
and generalization across different subsets of data. For this, the dataset was divided into
five approximately equal subsets [41]. Training was repeated five times, each time using
a different fold as a test set while the other four folds played the role of training data.
Performance metrics for MAE, RMSE, R2, and MAPE were calculated for each fold and
then averaged over all folds to comprehensively present model evaluation, including
estimates of variability.

2.11.5. Prediction of Intermediate Compositions

After successful training and validation, the optimized hybrid model was deployed
for making predictions of intermediate composition percentages (1%, 2%, 3%, 4%, 6%,
7%, 8%, 9%, 11%, 12%, 13%, 14%, and 16%) where experimental measurements were
not available. Therefore, it allows an overall mapping of mechanical properties due to
composition variation within the entire studied range by providing continuous property-
composition relationships without the need for exhaustive experimental characterizations
at every possible level of filler loading.

2.11.6. Statistical Analysis and Visualization

Comprehensive statistical analysis was performed on both experimental data and
model predictions. Residual analysis examined the distribution of prediction errors to
identify any systematic biases or patterns. Parity plots compared predicted values against
experimental measurements to visually assess model accuracy. Comparative trend analysis
evaluated how all four mechanical properties evolve simultaneously with composition
changes. All computational procedures, statistical analyses, and visualizations were imple-
mented using Python 3.8 programming language with TensorFlow 2.6, Keras 2.6, NumPy
1.21, Pandas 1.3, Matplotlib 3.4, and Scikit-learn 0.24 libraries.

3. Results
3.1. ANN–LSTM Hybrid Findings

Table 3 compares the actual experimental values with the predicted ones for four major
mechanical properties at compositions ranging from 0% to 16%.

The mechanical properties include tensile strength measured in MPa, flexural strength
measured in MPa, impact resistance measured in joules, and hardness measured on the
Vickers scale. Experimental measurements have been made on specific composition in-
tervals such as 0%, 5%, 10%, and 15%, while predicted values are determined for all
composition percentages from 0% to 16% through a predictive model. Tensile strength is
representative of the resistance to forces that pull the material and ranges from 30.06 MPa
at the baseline composition to a maximum of 57.06 MPa at 10% composition, declining to
41.18 MPa at 15% composition.

The flexural strength gives the material’s resistance to bending forces, which started
at 63.52 MPa for the unmodified material and reached a peak value of 76.18 MPa at
10% composition and dropped to 66.92 MPa at 15% composition. Impact resistance char-
acterizes the energy absorption capacity under sudden loading conditions, with values
increasing from 27.54 J at 0% composition and peaking at 40.06 J at 10% composition,
reflecting an increase in toughness by about 45%. Hardness values describe the resistance
to surface deformation and permanent indentation; starting from 75.56 Hv, it reaches a
peak of 82.36 Hv at the optimum 10% composition level. Predicted values align very
well with actual experimental measurements in all properties considered, with less than
a 2% deviation, thus proving the accuracy and reliability of the prediction model used.
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From the above data, it emerges that from 0% to 10%, the mechanical properties are im-
proving, and 10% is the optimum composition at which all four properties attain their
maximum value.

Table 3. ANN–LSTM hybrid result.

Composition
Values

Actual
Tensile

Strength

Predicted
Tensile

Strength

Actual
Flexural
Strength

Predicted
Flexural
Strength

Actual
Impact

Strength

Predicted
Impact

Strength

Actual
Hardness

Predicted
Hardness

MPa MPa MPa MPa J J HV HV

0% 30.06 30.85 63.52 63.79 27.54 27.85 75.56 75.73
1% - 34.36 - 64.91 - 28.91 - 76.29
2% - 37.91 - 66.05 - 29.98 - 76.86
3% - 41.5 - 67.22 - 31.07 - 77.43
4% - 45.11 - 68.38 - 32.16 - 78.01
5% 47.92 48.74 69.78 69.55 33.04 33.23 78.36 78.59
6% - 50.56 - 70.91 - 34.17 - 79.37
7% - 52.65 - 72.31 - 36.27 - 80.19
8% - 54.74 - 73.8 - 37.82 - 81.04
9% - 56.83 - 75.26 - 39.36 - 81.87

10% 57.06 57.84 76.18 76.33 40.06 40.29 82.36 82.47
11% - 55.43 - 75.29 - 38.59 - 81.34
12% - 52.02 - 73.41 - 36.04 - 79.55
13% - 48.48 - 71.47 - 33.43 - 77.7
14% - 44.99 - 69.41 - 30.82 - 75.76
15% 41.18 41.72 66.92 67.26 27.96 28.29 73.62 73.87
16% - 38.38 - 60.07 - 25.71 - 71.91

Beyond this point, all the mechanical properties studied show a decline, which infers
that the excessive modification of composition has a negative impact on the structural in-
tegrity and, thereby, performance characteristics of the material. The pattern of degradation
follows a consistent trend for all properties measured, indicating that such a relationship
between composition levels and mechanical behavior is systematic. In the table, vacant
cells for the compositions 1–4%, 6–9%, 11–14%, and 16% have only the predicted values
since, at these intermediate levels, experimental measurements were not done, although
the predictive model gives estimated values for complete compositional mapping.

Table 4 illustrates statistical metrics that characterize the performance of the predictive
model in terms of accuracy and reliability for estimating mechanical properties at different
composition levels.

Table 4. Performance metrics of the ANN–LSTM hybrid model for predicting the mechanical
properties of the composite.

Mechanical Property MAE RMSE R2

Tensile Strength 0.6325 0.652 0.9956
Flexural Strength 0.2625 0.2711 0.9966
Impact Strength 0.2875 0.29 0.9967

Hardness 0.1975 0.206 0.9961

The performance assessment includes four different mechanical properties, namely,
tensile strength, flexural strength, impact strength, and hardness, analyzed using three
standard statistical measures. The mean absolute error represents the average magnitude
of the prediction errors without regard to direction, which gives an indication of how close
the predicted values are to the actual experimental measurements. The MAE for tensile
strength is 0.6325, indicating that the average deviation of predictions from actual values
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is about 0.63 MPa. The flexural strength has a lower MAE of 0.2625, showing the average
error of prediction is only around 0.26 MPa, reflecting higher precision for predictions in the
flexural property. Impact strength presents an MAE of 0.2875 joules and hardness has the
smallest MAE of 0.1975 Hv, which suggests that hardness predictions are the most accurate
among the considered properties. The RMSE is another measure of prediction accuracy,
which yields the square root of the average squared differences between the predicted and
actual values, giving a greater weight to larger errors. Its RMSE is 0.6520, a little higher
than its MAE due to some variation in prediction errors.

The RMSE value of flexural strength is 0.2711, the impact strength with an RMSE
of 0.2900, and the hardness at 0.2060. With low RMSE values across all properties, it
further confirms that this model produces predictions reliably with minimal deviation from
experimental results. R2 measures the correlation between the predicted values against
actual experimental data; the closer to 1.0, the better the fit of the model. All mechanical
properties studied here show very high R2 values greater than 0.99, reflecting outstanding
predictive capability. The R2 value for tensile strength is 0.9956, which describes that 99.56%
of the variation in tensile strength data is explained by the prediction model.

The highest R2 value of 0.9966 is shown by flexural strength, followed closely by
impact strength, with a value of 0.9967, showing a near-perfect correlation between the
actual and predicted values. Hardness exhibits an R2 value of 0.9961, further confirming
the excellence of model performance. These high R2 values demonstrate that the model
captures the underlying relationship between composition percentage and mechanical
properties with remarkable precision.

The combination of low values for the error metrics, MAE and RMSE, with high R2

values for each of these four properties, clearly justifies the effectiveness of the model in
predicting mechanical behavior at untested composition levels. Among these properties,
hardness has the fewest absolute errors in prediction, while tensile strength presents slightly
higher errors but still within reasonable limits. Minimal differences between MAE and
RMSE values in each property indicate that there is predictable, consistent performance
without significant outliers or extreme deviations from the model. These statistical metrics
will, in all ways, justify that the predictive model is reliable to a very great extent and can be
confidently used in practical engineering applications for material optimization, selection
of composition, and estimation of properties.

3.2. Experimental Validation of Predictive Model for Mechanical Properties

Figure 3 provides a comprehensive graphical comparison of the model-predicted
values against experimental data for four mechanical properties over different material
compositions, from 0% to 16%. Graphically, there are four different plots in this fig-
ure, each representing one type of mechanical property, enabling further detailed inves-
tigations regarding model accuracy as well as analysis of the behavior trends for the
individual properties.

Figure 3a shows the relationship between composition percentage and tensile strength
in MPa. The continuous green line represents the predictive model, while the dark red
square markers show actual experimental measurements at 0%, 5%, 10%, and 15% com-
position levels. The tensile strength starts at about 30 MPa for the base composition and
increases steadily to a peak of approximately 57 MPa at 10% composition, before show-
ing a downward trend and dropping to approximately 41 MPa at 15% composition. The
experimental data points are seen to closely follow the predicted curve, demonstrating
good accuracy for the model. A shaded region surrounding the predictive line suggests
the confidence interval, or the range within which the predicted values can lie. The R2
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value, 0.9956, is found at the lower right and indicates an excellent model fit with n = 4
experimental validation points.

  
(a) (b) 

  
(c) (d) 

Figure 3. Experimental validation of predictive model: (a) tensile strength, (b) flexural strength,
(c) impact load, and (d) hardness.

Figure 3b represents the flexural strength as a function of the composition percent-
age, colored in red. The flexural strength, starting from approximately 63 MPa for the
unmodified material, shows a gradual increase to its maximum at around 76 MPa at the
10% composition level. Similar to the tensile strength, after reaching its optimal value, the
flexural strength decreases to about 67 MPa at 15% composition. In agreement with this,
the experimental data, depicted by dark red-colored squares, reflect the model prediction
very well within the studied composition range. The prediction line is surrounded by a
relatively narrow shaded confidence band, indicating high precision in the model estimates.
The R2 value of 0.9967 is the highest among the four properties studied here and indicates
nearly complete coincidence between predicted and actual values.

Figure 3c shows impact strength in green, representing the energy absorbed by
the material in joules. For the baseline material, the impact strength is about 27.5 J
and continuously increases with increased composition percentage. The composition at
10% yields a maximum impact strength of about 40 J, a significant 45% enhancement over
the unmodified material. It follows the same trend as other properties, wherein after 10%,
the impact strength drops back to around 28 J at 15% composition. The experimental data
shows strong consistency with the model curve of prediction, and the confidence interval
is narrow throughout. Excellent predictive accuracy is assured, though a little lower than
in the properties discussed above, with an R2 value of 0.9907.

Figure 3d shows hardness, measured by the Vickers scale (Hv), represented by orange
coloring. Hardness starts at approximately 75.6 Hv for the base composition and gradually
increases to a peak hardness of about 82.4 Hv at 10% composition. This is an increase
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of approximately 9% in surface hardness. For compositions beyond the optimum, the
hardness decreases to about 73.6 Hv at 15% composition. The experimental results match
the model predictions, and there is a very narrow confidence band across all composition
ranges. The excellent performance of the model for hardness prediction is shown by an R2

value of 0.9964.

3.3. Overall Observations

All four graphs reveal strictly similar patterns whereby mechanical properties im-
proved from 0% to 10% composition and then fell beyond this optimum. This consistency
in behavior through different property types is indicative of a basic relationship between
composition and material microstructure. At the 10% composition level, the characteristics
developed under all the mechanical properties become optimal and present the ideal bal-
ance that assures the attainment of maximum performance characteristics. The predictive
model curves are smooth and continuous and hence useful in estimating intermediate
composition levels for which experimental measurements were not conducted. The close
proximity of experimental data points to the predicted curves validates the reliability of the
model for interpolation and, within reasonable ranges, for extrapolation.

The confidence intervals for each of the predictions are quite narrow, indicating
a high level of statistical confidence in the model predictions. The R2 values are very
consistent and greater than 0.99 for all properties studied, which indicates that at least
99% of the experimental data variance is explained by the predictive model. This further
ensures robustness and the accuracy of the predictive model. All the curves appear to
be symmetrical, meaning enhancement and degradation at either side of the optimal
composition point appear to happen at similar rates. These plots strongly indicate that
property predictions with this model at untested compositions will be reliable and thus of
strong utility in designing materials and optimizing their composition without necessarily
carrying out an extensive experimental test at all possible compositions.

3.4. Model Accuracy Assessment Through Parity Plot Analysis

Figure 4 shows parity plots for all the mechanical properties. These plots are a
graphical means of judging the accuracy with which the predictive model estimates experi-
mental values.

Parity plots are diagnostic tools that compare predictions against actual experimental
measurements, in which the perfect predictions fall precisely on the diagonal reference
line. Understanding Parity Plot Structure: Each of the four graphs presents experimental
measurements on the horizontal axis and the corresponding predicted values on the vertical
axis. The black dashed diagonal line in all figures represents the perfect prediction, where
the values of the predicted ones would coincide with the experimental values exactly. The
shaded pink region around this line represents a plus/minus 5% error tolerance band
considered to be acceptable in prediction accuracy. Data points that lie within this shaded
zone indicate a good model performance, while data points outside this zone indicate
larger prediction errors. Each data point is represented by a colored circle, where the color
gradient shows the composition percentage of that sample.

Tensile Strength Parity Analysis: Figure 4a shows the tensile strength predictions
versus experimental values that are between 30 MPa and 58 MPa on the horizontal axis.
Four data points are plotted in colors ranging from dark purple for 0% composition through
yellow and blue to green for 15% composition. All four experimental measurements lie
very close to the perfect prediction line, with every point well within the 5% error margin.
The upper-left box statistical metrics describe excellent model performance: R2 = 0.9956,
RMSE = 0.652, MAE = 0.633, MAPE = 1.55%. The MAPE of 1.55% means that the average
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variation in the predictions from the actual values is less than 2%, so this demonstrates a
high accuracy.

  
(a) (b) 

(c) (d) 

Figure 4. Parity analysis: (a) tensile strength, (b) flexural strength, (c) impact, and (d) hardness.

Flexural Strength Parity Analysis: Figure 4b presents the flexural strength predictions
with experimental measurements in the range of about 63 MPa to 76 MPa. The four
data points all lie very close to the perfect prediction line, showing only minor deviation
from the diagonal reference. All the measures are well within the 5% error tolerance
band. The color gradient varies from dark purple for lower values to green for higher
composition percentages. The statistical metrics are very good: R2 = 0.9967, RMSE = 0.266,
MAE = 0.260, MAPE = 0.38%. The very low MAPE of 0.38% indicates that the flexural
strength predictions are the best among the four properties studied, with less than half a
percent average in the error of predictions.

Impact Strength Parity Analysis: Figure 4c gives the predictions of impact strength
with experimental values ranging from approximately 27 J to 40 J on the horizontal axis.
The four data points reflect a strong correlation with the perfect prediction line, clustering
tightly around the diagonal. All measurements are within the acceptable 5% error zone,
though there is somewhat more deviation in some points compared to the flexural strength.
Coloring is consistent, with purple representing lower composition and transitioning via
yellow and blue to green for higher compositions. Performance metrics are given as
R2 = 0.9967, RMSE = 0.290, MAE = 0.287, and MAPE = 0.93%. These values further confirm
excellent predictive capability, maintaining average percentage errors below 1%.

Hardness Parity Analysis: Figure 4d presents the hardness predictions plotted against
experimental Vickers hardness measurements in the range of ~73 Hv to ~83 Hv. The four
data points show excellent agreement with the perfect prediction line, as all measures lie
within the 5% error tolerance band. The tight clustering around the diagonal line indicates
that the predictions are consistent for all the tested hardness levels. Statistical indicators are
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R2 = 0.9964, RMSE = 0.198, MAE = 0.190, and MAPE = 0.25%. The very low MAPE of 0.25%
is the smallest percentage error of all the properties and thus reflects the highest relative
accuracy for hardness predictions.

Examining the four parity plots collectively, it may be seen that the model performance
is consistent for all the mechanical properties. All R2 values are well above 0.995, indicating
that more than 99.5% of the variance of experimental data is described by the model
predictions. The values of both RMSE and MAE are small with respect to the ranges of
measurement, reflecting very minimal absolute errors. The MAPE values range from 0.25%
for hardness up to 1.55% for tensile strength, which all indicate very good prediction
accuracy well below the typical engineering tolerances. The fact that data points fall within
the ±5% error bands in all four graphs gives validation to the model’s reliability and
robustness. Systematic bias is not seen, as points do not lie consistently above or below the
line for perfect prediction, implying unbiased predictions. The color gradient that is visible
in each plot confirms that the model performs equally well with different composition
percentages, from the baseline material through the optimal composition and into the
declining performance region. These parity plots thus provide very strong visual and
statistical evidence that the predictive model is highly accurate, reliable, and suitable for
estimating the mechanical properties at compositions for which experimental testing has
not been conducted. The tight clustering of all data points in proximity to the perfect
prediction line, when combined with exceptionally high R2 values and low error metrics,
establishes confidence in this model for use in material design, optimization, and quality
control applications.

3.5. Residual Analysis: Comprehensive Model Error Distribution Evaluation

Figure 5 shows the detailed residual analysis plots for the four mechanical properties,
conducted to deeply investigate the prediction errors and characteristic features of the
models’ performances. Residual analysis stands as a necessary diagnostic tool for indicating
how experimental measures differ from model predictions, aiming at identifying any
systematic biases, error patterns, or potential limitations with which a model may be
burdened regarding reliability in predictions.

Structure and Components of Residual Plots: Each of the four graphs plots (Figure 5)
the predicted values against the horizontal axis and the residual values against the vertical
axis, where the residual is defined as the difference between the expected value and the
actual experimental measurement. The central black dashed horizontal line at zero indicates
the ideal state, where the predictions totally agree with the experimental results without
any deviation. The red dotted lines above and below the zero line define the confidence
limits based on the standard deviation of residuals. The sigma value, σ, is shown in
red in the upper left corner of each plot. Additional statistics are provided inside boxes
on the right side of each graph: mean residual, standard deviation, maximum residual,
and minimum residual. Each data point corresponds to a colored circle for individual
experimental measurements at varying compositions.

Tensile Strength Residual Characteristics: Figure 5a plots the tensile strength residuals
versus the predicted values over the range of about 30 MPa to 60 MPa. Four blue circular
data points represent the experimental measurements obtained at compositions of 0%,
5%, 10%, and 15%. In the upper left corner is the notation for the standard deviation:
σ = ±0.1583. The statistical summary box contains the average residual as −0.6325, show-
ing there is some systematic negative bias since predictions are generally too high. Residual
standard deviation is 0.0325, meaning the prediction errors do not vary that much. Maxi-
mum residual, or the error in the smallest magnitude, is −0.4200. Minimum residual, or the
largest magnitude error, is −0.7800. All four data points lie below the zero line, indicating
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that within the entire tensile strength range, the model persistently overestimates. The
leftmost point, at approximately 30 MPa, gives a residual of about −0.79, whereas the
rightmost point at approximately 58 MPa also gives a magnitude of about −0.78. Two other
residuals for points at approximately 42 MPa and 48 MPa are around −0.53 and −0.42,
respectively. Though the residuals are all negative, their absolute values are relatively small
compared to the range of the measurement, thus confirming acceptable accuracy in the
predictions. The fact that the residuals are all negative indicates systematic offset, which
might suggest model recalibration.

Figure 5. Residual analysis (Actual − Predicted) of the predictive model. (a) Tensile strength;
(b) flexural strength; (c) impact strength; (d) hardness. The dashed black line indicates zero residual
(ideal prediction); the pink-shaded region indicates mean ± σ of the residuals, with corresponding
statistics shown in each inset box.

Flexural Strength Residual Characteristics: In Figure 5b the flexural strength residuals
are plotted versus predicted values, ranging from approximately 63 MPa to 77 MPa. Four
red data points represent experimental measurements across the range of composition
tested. The standard deviation, upper left, is σ = ±0.0683, showing the error distribution
is significantly tighter than for tensile strength. The statistical information box shows
the average residual is −0.2575, much smaller in absolute value than the tensile strength,
reflecting better prediction accuracy. The residual standard deviation is 0.0346, reflecting
very small error variability. The maximum residual value is −0.1500, reflecting the smallest
magnitude of error. The minimum residual is −0.3400, reflecting the largest error. All
four residuals continue to be negative, maintaining the trend of systematic overestimation.
The data point at approximately 63 MPa displays a residual of around −0.27, while the
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point at approximately 67 MPa has a residual of about −0.34, representing the largest
magnitude error for the flexural strength. The third point, at roughly 69 MPa, has a
residual of approximately −0.27, whereas the rightmost point, near 76 MPa, shows the
smallest residual at about −0.15. The relatively consistent spacing and small magnitude
of residuals across the predicted value range confirm excellent model performance. The
narrow confidence bands and low standard deviation set up the flexural strength as one of
the most accurately predicted properties.

Impact Strength Residual Characteristics: Figure 5c presents the impact strength
for predicted values from about 28 J to about 41 J, with four green circular markers for
experimental data points at different composition levels. The standard deviation, placed
in the left upper corner, is σ = ± 0.0377, representing the smallest error variability of all
four properties. The statistical summary provides the following: mean residual = −0.2875,
standard deviation = 0.0175, max. residual = −0.2275, and minimum residual = −0.3300.
These values reflect very good consistency in predictions while having a rather small
spread. Residuals are all negative within the range of about −0.23 to −0.33, which provides
evidence of systematic overestimation with impressively consistent error magnitude. The
two leftmost points at 28 J show residuals of about −0.31 and −0.33, respectively, which
constitute almost identical prediction errors at lower composition levels. The middle point
at about 33 J gives a residual close to −0.28, while the rightmost point at approximately
40 J gives a residual of about −0.23. The extremely narrow spread of residuals and very low
standard deviation suggest that the impact strength predictions are highly consistent and
trustworthy across all composition levels tested. Uniform negative bias, although present,
comprises very small absolute errors that amount to less than 1% of measured values.

Hardness Residual Characteristics: Figure 5d presents a hardness residual plot versus
the predicted Vickers hardness between 74 Hv and 82 Hv. The four data points in orange
are the experimental measurements for different compositions. The standard deviation is
given by σ = ±0.0548 in the upper left corner. From the statistical box, the mean residual
is −0.1900, standard deviation is 0.0348, maximum residual is −0.1050, and minimum
residual is −0.2500. These statistics again show good accuracy of prediction with moderate
variability in error. All residuals are negative, as expected from the identified systematic
overestimation in other properties. This leftmost point, at about 74 Hv, has the largest
magnitude residual of about −0.25. The second point, with a hardness of about 76 Hv, has
a residual close to −0.17, while the third, with approximately 78 Hv hardness, is about
−0.23. Lastly, the rightmost point, with its hardness of around 82 Hv, has a much smaller
error magnitude of about −0.11. A decrease in the absolute magnitude of the error as the
hardness values increase may indicate a slight improvement in prediction accuracy on
higher levels of composition, even though the errors are acceptably small throughout the
tested range.

Comprehensive Error Pattern Assessment: When one examines all four residual plots
together, several important characteristics in the model performance and error distribution
of this data can be seen. All the mechanical properties display only negative residuals;
this illustrates that the predictive model consistently overestimates actual experimental
values for all composition and property types. Such a sustained bias would suggest a
systematic offset in the model rather than random error variation. The magnitude of this
over-estimation is remarkably small compared to the measured values, typically below
2% deviation for most properties. Their standard deviations are constantly low, from
±0.0377 for impact strength to ±0.1583 for tensile strength, which confirms that the pre-
diction errors are small and consistent. The impact strength shows the narrowest error
distribution with the lowest standard deviation, which attests to the most consistent per-
formance of this property. Flexural strength, too, has excellent error characteristics, given
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its rather small residuals relative to the measurement range. Tensile strength has larger
absolute residuals but still maintains acceptable accuracy in engineering perspective. Hard-
ness predictions are made with moderate magnitudes of error, yet very consistent across
the range of measurements. The residual distributions, free of funnel shapes or curved
trends, confirm that the accuracy of the prediction is constant over the full value range
of each property, with no deterioration in extremely high or low values. No outliers or
extreme deviations are present, and all data points fall comfortably within the confidence
boundaries set by the red dotted lines. Residual points are spread out relatively uniformly
in the horizontal plane, indicating that the model performance is consistent regardless of
composition percentage. While the systematic negative bias could, in principle, be removed
by model adjustment or calibration correction, the current level of accuracy is quite suf-
ficient for practical material design and optimization. This small but consistent negative
bias most likely arises from two compounding factors: (i) the min–max normalization
scheme (Section 2.7.1) compresses the already narrow range of experimental values into
[0, 1], which can slightly shift the effective decision boundary learned by the network
toward the upper end of the training range, and (ii) with only four composition levels and
five replicates per level, the training set offers limited coverage of the extremes of each
property’s true distribution, making the model marginally conservative in its lower-bound
estimates. Because the offset is small (well under 2% of measured values) and uniform
in direction rather than random, it could in principle be corrected with a post-hoc bias
term (subtracting the mean training residual from predictions) or an asymmetric loss re-
weighting. We opted not to apply such a correction in the present study because fitting a
correction to the same small dataset that produced the bias risks a spurious improvement
in reported accuracy rather than a genuine gain in generalization; we instead flag this as a
concrete direction for validation once a larger, independently collected dataset becomes
available. These residual plots strongly validate that the predictive model produces reliable
estimates with consistent and predictable error characteristics and is highly suitable to
guide material development decisions, reducing the need for extensive experimental testing
at every conceivable composition.

The intermediate compositional values mentioned in the current work (1%, 2%, 3%, 4%,
6%, 7%, 8%, 9%, 11%, 12%, 13%, 14%, and 16%) are not based on experimental measurement.
They are computed using the interpolation (with respect to the tested 0–15% interval) and
extrapolation (above 15%, up to 16%) of the model results, serving as a data augmentation
method that extends an experimental dataset consisting of only four compositions into
the relation between the composition and properties. This is helpful in understanding the
general pattern and in focusing future experimental work, but it needs to be done carefully,
since the interpolation provides the values that are bounded by the experimentally verified
points on both sides, while the extrapolated value of 16% lies outside the experimentally
verified region.

3.6. Comparative Analysis of Mechanical Properties

Figure 6 shows all the mechanical properties plotted on a single, normalized scale for
a complete comparison, thus enabling the direct visualization of performance trends and
relative behavior patterns across the entire composition range from 0% to 16%. Normaliza-
tion allows properties with different units and magnitudes to be shown on a common scale
from 0 to 100 and, therefore, enables meaningful comparison of their relative changes and
optimization points.

Graph Structure and Normalization Methodology: The x-axis is for the composition
percentage, ranging from 0% to 16%, and the y-axis is for normalized property values,
scaled from 0 to 100. Every mechanical property value corresponds to a different colored
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line with circular markers at the data points: tensile strength in blue, flexural strength in
red, impact strength in green, and hardness in orange. Normalization scales each property
so that its maximum value corresponds to 100 on the vertical scale, enabling direct visual
comparisons of relative performance changes even though the original measurements were
in different units. Data points appear at regular composition intervals, and curves connect
these points, illustrating smooth trends. Each property is identified in the lower left legend
by its color and includes its original measurement units.

Figure 6. Comparative analysis of all mechanical properties.

Tensile Strength Trend Analysis: The blue line, for tensile strength, starts at a normal-
ized value of about 36 MPa at 0% composition, which is considered baseline performance.
Its curve increases steadily through the low composition range to about 47 MPa at 2% com-
position, 53 MPa at 4% composition, and 64 MPa at 5% composition. Values continue to rise
to about 73 MPa at 6% composition, 81 MPa at 7% composition, 87 MPa at 8% composition,
and 93 MPa at 9% composition. Tensile strength reaches a peak normalized value of about
97 MPa at 10% composition, reflecting maximum performance. Beyond the optimum, the
curve decreases severely to about 90 MPa at 11% composition, 77 MPa at 12% composition,
65 MPa at 13% composition, 52 MPa at 14% composition, 40 MPa at 15% composition, and
finally to about 28 MPa at 16% composition. The symmetrical, bell-shaped curve clearly
displays optimization behavior with well-defined peak performance.

Flexural Strength Trend Analysis: The red line representing flexural strength begins
with a near 18 MPa normalized value at 0% composition, having the lowest base perfor-
mance of all the properties. The curve increases gradually through the range of composition:
approximately 27 MPa at 2%, 36 MPa at 4%, and 47 MPa at 5%. With continued increase,
flexural strength reaches around 57 MPa at 6%, 70 MPa at 7%, 80 MPa at 8%, and 90 MPa at
9%. Accordingly, its normalized value peaks at a maximum of 100 MPa at 10% composition,
marking an optimum performance and the highest peak of all four properties. Beyond the
peak, flexural strength decreases progressively to approximately 92 MPa at 11%, 81 MPa at
12%, 70 MPa at 13%, 57 MPa at 14%, 44 MPa at 15%, and about 10 MPa at 16%. Its steep fall
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past 15% composition points to a rapid deterioration in performance beyond appropriate
composition levels.

Impact Strength Trend Analysis: The green line for impact strength starts at a normal-
ized value of about 22 J at 0% composition, depicting baseline toughness characteristics.
It rises gradually with values such as about 29 J at 2% composition, 37 J at 4% composi-
tion, and 45 J at 5% composition. Progressive improvement continues with about 53 J at
6% composition, 62 J at 7% composition, 71 J at 8% composition, and 80 J at 9% composition.
Impact strength reaches its normalized maximum of about 83 J at 10% composition, though
this peak is noticeably lower than those of the flexural and the tensile strength. Beyond
the optimum, the property drops to about 90 J at 11% composition, first showing a slight
increase before further decline to 81 J at 12% composition, 70 J at 13% composition, 54 J
at 14% composition, 35 J at 15% composition, and finally around 0 at 16% composition.
The extreme drop to almost zero at 16% composition suggests the development of critical
brittleness at extreme levels of composition.

Hardness Trend Analysis: The orange line representing hardness starts at the highest
baseline normalized value of all the properties at about 36 for 0% composition. The curve
exhibits rapid initial gain to about 41 at 2% composition, 47 at 4% composition, and 57 at
5% composition. Further enhancement carries hardness to about 64 at 6% composition, 73
at 7% composition, 81 at 8% composition, and 90 at 9% composition. Hardness reaches
its peak normalized value of about 95 at 10% composition, which is slightly below the
maximum realized for the tensile strength. Beyond the optimal composition, hardness de-
creases to about 88 at 11% composition, 70 at 12% composition, 53 at 13% composition, 35 at
14% composition, 17 at 15% composition, and reaches almost 0 at 16% composition. The se-
vere deterioration to near-zero hardness at 16% composition is consistent with the behavior
of impact strength and indicates a fundamental breakdown in the material structure.

3.7. Comparative Property Behavior

Figure 6 illustrates that all four curves together provide several important insights
into material behavior as a function of composition. All the properties exhibit qualitatively
similar parabolic trends with consistent optimization at 10% composition, confirming this
as the universally optimal formulation. However, the properties have different baselines
of performance at 0% composition, with hardness starting at the highest and flexural
strength beginning at the lowest on the normalized scale. Improvement rates from baseline
to peak vary between properties, with tensile and flexural strength showing a steeper
ascending slope than impact strength and hardness over the range of 0–5% composition.
Over the range of 5–10% composition, all four curves merge and ascend nearly in parallel,
reflecting synchronized enhancement mechanisms. The clusters are close together at the
10% optimal composition point with normalized values between 83 and 100, showing
balanced performance optimization. However, beyond 10% composition, the rates of
descent vary greatly: flexural strength and impact strength degrade much faster compared
to tensile strength and hardness within the 10–14% range. At very high levels beyond
15%, however, impact strength and hardness show catastrophic decline to almost-zero
values, while tensile and flexural strength retain measurable performance. This divergence
indicates that extreme composition leads to a complete loss of toughness and surface
integrity but leaves residual strength.

3.8. Optimization Window and Performance Balance

The convergence of Figure 6 shows that all four property curves near their maximum
values at 10% composition establishes this as the optimal formulation for achieving bal-
anced mechanical performance. The narrow optimization window, between approximately
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9% and 11% composition, yields consistent high performance in all the properties. Below
5% composition, properties are operating at 40–60% of their maximum potential, with
significant room for improvement. Above 12% composition, rapid degradation in perfor-
mance accelerates, with properties falling below 80% of maximum. By 15% composition,
most properties have declined to 30–45% of peak values and represent the practical upper
limit for acceptable performance. The 16% composition data point discloses critical failure
characteristics, with impact strength and hardness approaching zero, which means the
material becomes extremely brittle and soft simultaneously.

3.9. Engineering Implications and Material Selection

Figure 6 reveals comparison graph can provide useful guidance in material selection
and composition optimization for engineering applications. For those applications requir-
ing balanced mechanical properties, the 10% composition is the optimal choice, which
provides maximum performance for strength, toughness, and hardness simultaneously. If
a specific property prioritization is required, the similar peak heights of tensile strength,
flexural strength, and hardness suggest that these properties can be maximized simultane-
ously, while impact strength will show slightly lower relative improvement. The critical
performance degradation beyond 10% composition underlines the stringent need for ac-
curate composition control during material processing. The catastrophic property loss at
16% composition acts as a clear warning against excessive composition levels in this review
of comprehensive trends, which, on the whole, manifests that successful material opti-
mization has to take multiple properties into account rather than individual characteristics
in isolation.

3.10. Comprehensive Model Performance Evaluation: Statistical Metrics Analysis

Figure 7 shows in detail the statistical performance evaluation of the predictive model
for all four mechanical properties using several complementary metrics of error. The
visualization includes four separate panels, each showing a different statistical measure
that quantifies the accuracy of prediction, quality of model fit, and error characteristics
from various analytical perspectives.

R2 Coefficient Analysis: Figure 7a shows the R2 values of all four mechanical properties
in horizontal bar charts. R2 is a measure of the proportion of variance in experimental data
that is predictable from the predictive model. Therefore, the closer it is to 1.0, the better the
model fits. Tensile strength (colored in blue at the bottom) reaches an R2 of 0.9956, which
means that 99.56% of tensile strength experimental data is captured by model predictions.
Flexural strength, as represented by the red bar, presents a better performance with an R2

of 0.9966, or 99.66% of variance explained. Lastly, the impact strength, in green, has the
highest R2 value at 0.9967; therefore, it shows the greatest percentage of captured variance,
at 99.67%, and has very good model accuracy. Hardness represented by the orange bar at
the top, has an R2 of 0.9961, which demonstrates 99.61% of variance explained. All four
R2s fall within a very narrow window from 0.9956 to 0.9967, indicating outstanding model
performance for all properties. The small spread of R2 values establishes that the predictive
model performs equally well for any of these mechanical properties being estimated. These
extremely high R2 values provide great confidence in the ability of the model to capture
the basic relationships between the composition and mechanical properties.

Root Mean Square Error Evaluation: Figure 7b shows the RMSE for each property,
using horizontal bar charts again but on a scale appropriate for error magnitudes. The
RMSE is a measure of the standard deviation of the prediction errors, so it gives more
weight to large deviations and can be interpreted as a kind of average magnitude of
prediction errors. In the blue bar extending furthest to the right, tensile strength has the
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largest RMSE value of 0.6520, meaning that the typical prediction error in this case is about
0.65 MPa. As a percentage of the measurement range, that is about 1.1%. Flexural strength
has an RMSE of 0.2711, or about 0.27 MPa typical error, or about 0.4% of the measurement
range. Impact strength, in green, has an RMSE of 0.2900, which means that typical errors
are 0.29 J or roughly 0.7% relative error. Hardness is in orange and has the shortest bar,
with the lowest RMSE value of 0.2060, which reflects typical prediction errors of only
0.21 Hv or roughly 0.25% relative to the measurement range. The much longer bar relative
to the other properties for tensile strength shows that, although its R2 value is very good,
the magnitude of errors is much larger. When put into perspective, however, all the RMSE
values relative to the relevant measurement ranges are small and well within acceptable
limits for engineering purposes. The compact RMSE values for flexural strength, impact
strength, and hardness confirm highly accurate predictions with very small deviation from
experimental measurements.

(a) (b) 

(c) (d) 

Figure 7. Statistical performance evaluation of the predictive model for tensile strength, flexural
strength, impact strength, and hardness. (a) R2 score; (b) RMSE; (c) MAE; (d) RMSE (orange) vs.
MAE (green) comparison (0: tensile strength, 1: flexural strength, 2: impact strength, 3: hardness).

Mean Absolute Error Assessment: The MAE values shown in Figure 7c represent
the mean magnitude of the prediction errors without regard for the direction of the error
or placing additional weighting on larger errors. This is a simple measure of average
prediction accuracy. For the tensile strength, represented by the longest blue bar, the MAE
over the test set reaches 0.6325, indicating that predictions lie on average 0.63 MPa away
from actual values. The red color represents the flexural strength, which has an MAE
of 0.2625, meaning average errors of around 0.26 MPa. The impact strength, in green,
shows an MAE of 0.2875, which gives the average prediction errors as 0.29 J. Hardness
is in orange and has the shortest bar; it has the smallest MAE at 0.1975, which reflects
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average errors of only 0.20 Hv. The MAE values very closely mirror the values of RMSE in
relative magnitude, with tensile strength having the highest absolute errors and hardness
having the lowest. The fact that MAE and RMSE are relatively similar for each property
indicates there are no significant outliers in the data, which could make RMSE much
larger than MAE. All properties have small absolute magnitudes of MAE, confirming
that the model makes very consistent predictions with minimal average deviation from
experimental results.

Comparative Error Metrics Visualization: Figure 7d is a grouped bar chart that com-
pares the error metrics across all four properties: tensile strength, flexural strength, im-
pact strength, and hardness are properties 0 through 3, respectively. For each property,
two bars are positioned side by side in orange and green, each representing one metric and
its complement, respectively. Property 0 (tensile strength) has the highest bars, with values
of about 0.63 to 0.65 for both metrics. It indeed reflects larger absolute values of errors
compared with the other properties. In contrast, property 1 (flexural strength) has much
shorter bars with values around 0.26 to 0.27, which are representative of much smaller
magnitudes of these properties. The height of the bars for impact strength is similar to that
of flexural strength, around 0.29, showing a similar level of error. For the hardness it has
the shortest bars with a value of about 0.20, establishing it as the most accurately predicted
property. The fact that different ways of computing the errors result in a consistent pairing
of orange and green bars at similar heights for each property confirms good agreement
and thus reliability in assessing the errors. Dramatically larger bar heights for Property 0
compared to Properties 1 through 3 illustrate that tensile strength, though well-predicted
based on its R2 value, has a larger absolute deviation that one might want to consider if
using the predictions in critical engineering decisions.

Statistical Performance Interpretation: All four panels taken together provide broad
understanding of model performance characteristics. Very high R2 values greater than
0.995 for all properties establish that the model captures the fundamental relationships
governing the behavior of mechanical properties with respect to composition changes. The
consistently low RMSE and MAE values confirm that the predictions deviate minimally
from experimental measurements in absolute terms. The good agreement of RMSE and
MAE values for each property suggests that prediction errors are distributed relatively uni-
formly without significant outliers or extreme deviations. Hardness is the most accurately
predicted property based on having the smallest RMSE and MAE while still possessing an
excellent R2 value. Impact strength and flexural strength show similar error characteristics
with slightly larger absolute errors than hardness yet still remain exceptionally accurate.
Tensile strength, while possessing the largest absolute errors, still realizes an outstanding
R2 value and maintains errors within acceptable engineering tolerances when considered
relative to its measurement range.

Practical Implications for Model Application: These comprehensive statistical metrics
validate that the predictive model is highly reliable and suitable for practical engineering
applications, including material design optimization, composition selection, and property
estimation at untested formulations. The high values of R2 confirm that the model can be
confidently used for interpolation between tested composition levels. The low error metrics
establish that predictions will be sufficiently accurate for most engineering decision-making
processes. For critical applications requiring maximum precision, the slightly larger errors
in the tensile strength predictions should be acknowledged, although even these remain
well within typical material specification tolerances. The consistent performance across all
properties indicates that the model captures underlying physical mechanisms rather than
fitting data points, suggesting reasonable reliability even for modest extrapolation beyond
tested ranges. On the whole, these statistical evaluations give strong evidence to support
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the validity, accuracy, and practical utility of the model for reducing experimental testing
requirements while retaining confidence in material property predictions.

3.11. Comparative Analysis of Predictive Performance

As evident from Table 5, the suggested model performs better in terms of prediction
ability since it is characterized by higher R2 values exceeding 0.996 in comparison with the
correlation coefficient of 0.9803 obtained for friction stir welding cases [30].

Table 5. Comparison of the proposed ANN–LSTM hybrid model with a recent hybrid deep learning
study in the field of materials engineering.

Aspect Friction Stir Welding Study Proposed ANN–LSTM Model

Application Domain Welding joint strength Composite material properties
Properties Predicted Tensile strength (single) Multiple properties (4 types)
Best R2/Correlation 0.9803 >0.996

Prediction Scope Experimental data points Experimental data with intermediate
compositions

Computational Focus Reducing overfitting Multi-property optimization

The inherent strength of the proposed architecture is that it predicts multiple properties,
such as tensile strength, flexural strength, impact strength, and hardness, simultaneously.
Both approaches have therefore applied an LSTM network in order to capture sequential de-
pendencies and nonlinear patterns. On further comparisons, it can also be depicted that the
proposed model performs better in terms of generalization for intermediate compositions
without requiring exhaustive experimental validation. The same comparative study has
thus established that the hybrid ANN–LSTM framework represents a serious advancement
of predictive modeling in composite materials, which offers both better accuracy and wider
applicability to material optimization workflows.

4. Conclusions
This work is devoted to the effective establishment of a hybrid deep learning

framework that incorporates artificial neural network and long short-term memory ar-
chitectures for accurate prediction of the mechanical properties in biochar-reinforced
polyester composites.

The model thereafter showed excellent predictive performance, with coefficient
of determination values always exceeding 0.995 in all the assessed properties: 0.9956
for tensile strength, 0.9966 for flexural strength, 0.9967 for impact strength, and 0.9961
for hardness. These excellent results further attest that this hybrid architecture is
capable of capturing the complex nonlinear relationships between composition and
mechanical behavior.

These are further confirmed by the very low values of the error metrics: mean absolute
error ranges from 0.1975 to 0.6325, while the root mean square error does not exceed 0.66
for all properties.

The very small differences between predictions and experimental results show that the
ANN-LSTM integration effectively learned how the properties are changing due to compo-
sitional changes, a feature that is different from traditional single-algorithm approaches.

One of the major findings was that 10% filler content was determined to be the
universal optimum composition at which all four mechanical properties reached their peak
performance. This convergence is critical for guiding the design in material formulation
that targets balanced mechanical characteristics.
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The capability to produce reliable predictions at untested, intermediate composi-
tions between experimental data points represents a significant advance toward reducing
the need for laboratory characterization and offers computational efficiency that would
translate into significant time and cost savings in material development.

The novelty of this work rests on three complementary features. First, the synergis-
tic combination of ANN and LSTM architecture, rarely explored together for composite
material property prediction, captures both nonlinear compositional relationships and
ordered inter-composition trends within a single framework. Second, the model performs
comprehensive multi-property prediction (tensile, flexural, impact, and hardness) simulta-
neously, supporting holistic rather than single-property optimization. Third, the validated
workflow, from data preprocessing through hybrid architecture design and evaluation,
establishes a replicable methodology that could extend to other filler-reinforced composite
systems beyond the materials investigated here.

Clear operational boundaries in material formulation for safety are established by
systematic performance degradation observed beyond the optimum composition, with a
critical deterioration at 16% filler content. This information prevents over-reinforcement
scenarios that compromise structural integrity. The demonstrated generalization capability
of the model, evidenced by the small and consistent residual magnitudes (a systematic
negative bias below 2% of measured values across all properties; see Section 3.5) and strong
validation performance, confirms its robustness for practical engineering applications.

It should also be acknowledged that the present findings are based on a comparatively
small experimental dataset of four discrete filler-loading levels (0%, 5%, 10%, and 15%)
with five replicate specimens per level (n = 20 total experimental data points). While
cross-validation, early stopping, and dropout regularization were used to guard against
overfitting on a dataset of this size (Section 2.11), the reported R2 and error values should
be interpreted as specific to the tested composition range and material system rather than
as fully generalized performance guarantees. Validation against additional independently
fabricated and tested compositions, and ideally against other biochar/fiber-reinforced
systems, is an important next step before the model is applied to untested formulations
in practice.

From the perspective of industry sectors, this validated predictive tool accelerates
material development cycles by providing the ability for fast screening and optimization of
composition without exhausting experiments. Engineers can explore a broad design space
computationally, identify promising candidates efficiently, and understand property trade-
offs systematically. This capability is particularly valuable during early-stage development
when experimental resources are extremely limited and large parameter spaces need to
be explored.

This research advances the paradigm shift toward data-driven materials engineering,
where computational models complement the conventional experimental methods. The
demonstrated accuracy, efficiency, and reliability make the ANN–LSTM hybrid architec-
ture a transformative tool for composite material optimization in research and industrial
contexts, reinforcing sustainable development because of reduced material waste and
accelerated innovation cycles.

The present research establishes a critical foundation for further studies. Extensions
may involve additional input parameters such as processing conditions, particle mor-
phology, and interfacial characteristics to establish more complete models. Expanding
predictions to thermal, electrical, and durability properties would provide full material
performance profiles. The integration of physics-informed constraints will further enhance
the reliability of the predictions while reducing the training data requirements and mark
the next evolution in intelligent materials design.
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