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Abstract

Accurately predicting the effective properties of composite materials is critical for
their design and optimisation in advanced applications. This study integrates mi-
cromechanical modelling and machine learning to develop novel efficient predic-
tive frameworks for composite properties. Using Representative Volume Elements
(RVEs) with periodic boundary conditions, a dataset of effective moduli was gener-
ated through őnite element simulations. Machine learning models, including Ran-
dom Forest, Gradient Boosting, and Support Vector Regressor (SVR), were tested,
with Random Forest performing best in capturing complex material behaviours. A
surrogate model coupled with active learning was developed for the őrst time in
this method to enhance computational efficiency, iteratively reőning predictions by
targeting regions of high uncertainty. Validation against theoretical models and
experimental data highlights the superior accuracy of the proposed framework, par-
ticularly in predicting transverse and shear properties. This research established a
robust methodology combining micromechanics and machine learning, paving the
way for advanced composite material design with reduced computational cost and
enhanced predictive precision.
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1. Introduction

Composite materials, renowned for their superior mechanical properties such as
high strength-to-weight ratios and enhanced durability, have become indispensable
across various industries including aerospace, automotive engineering, construction,
and sports equipment. However, accurately predicting their structural properties
remains a signiőcant computational challenge. This complexity arises from the in-
tricate relationships between process, structure, property, and performance inherent
in composites, necessitating sophisticated analytical and numerical tools to model
them effectively [1].

To address these challenges, numerous analytical, semi-analytical, and őnite el-
ement (FE) methods have been developed over the years to predict the effective
properties of composite materials. Early foundational works by Voigt [2] and Reuss
[3] introduced average methods for polycrystals under assumptions of uniform stress
or strain, establishing upper and lower bounds for elastic moduli. Hill [4] later reőned
these methods, providing more enhanced accuracy, while Hashin and Shtrikman [5, 6]
introduced variational principles to derive even tighter bounds, considering represen-
tative volume elements (RVEs) extracted from periodic heterogeneous composites.

Despite these advancements, many models rely on simplifying assumptions such
as homogeneous, parallel, and continuously reinforced őbers; no slippage between
őber and matrix; and uniform stress and strain conditions [7, 8]. These assump-
tions often do not hold in real-world applications, leading to discrepancies between
predicted and observed behaviours. Recognising this, Suquet [9] highlighted that
applying uniform strain or stress conditions at RVE boundaries may not capture the
true behaviour of composites, advocating for the implementation of periodic bound-
ary conditions (PBCs) to enhance modelling accuracy.

In response to the need for more precise predictive models, recent efforts have
focused on benchmarking damage modelling practices for unidirectional (UD) őber-
reinforced polymer (FRP) composite laminates [10]. These efforts underscore the
importance of considering multiscale structural features and establishing robust re-
lationships between the constituent microstructure and the overall composite struc-
ture. Multiscale modelling methods for FRP composites typically involve three dis-
tinct length scales: macroscopic, mesoscopic, and microscopic, each characterised by
unique geometric features [11]. By integrating analyses across these scales, detailed
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insights into the material’s properties and performance can be obtained, facilitating
a comprehensive understanding of the composite’s behaviour under various condi-
tions [12]. This multiscale approach is essential for accurately predicting mechanical
behaviour and failure mechanisms, ultimately improving the design and optimisation
of composite materials for speciőc applications.

A signiőcant challenge in multiscale őnite element modelling is balancing compu-
tational load with accuracy. To mitigate demands, researchers have often simpliőed
RVEs into unit cells by assuming repeating őbre patterns, such as square or hexag-
onal packing [13, 14, 15, 16]. While these approaches provide acceptable estimates
of effective elastic properties in homogenisation [17], they may underestimate local
damage onset and ultimate failure predictions in microscale modelling due to ne-
glecting microstructural variability and material property distributions. Analytical
models have followed a similar path: closed-form solutions for idealised uniaxial őbre
arrays, such as those derived by Guinovart-Díaz et al. [18], offer fast and accurate
predictions under assumptions of perfect alignment and hexagonal packing, but their
applicability becomes limited when őbre distributions are random or variability is
signiőcant. More recent efforts, such as those by Ramírez-Torres et al. [19], have
introduced inelastic distortions to better capture variability in őbre-reinforced com-
posites. Building on these advances, the present framework retains unidirectional
continuous őbres for tractability yet moves beyond analytical models by embedding
randomly distributed őbre arrangements and periodic boundary conditions to better
capture microstructural variability.

Given these challenges, a growing need exists to optimise computational meth-
ods for predicting composite material properties. Machine learning (ML) models
present a promising solution to improve prediction efficiency without compromis-
ing accuracy. Recent studies have demonstrated the breadth of ML applications
in composites, including optimisation of őller selection and mechanical performance
[20], prediction of impact behaviour in layered and hybrid composites [21, 22], and
comprehensive reviews highlighting the versatility of ML for property prediction, op-
timisation, and uncertainty quantiőcation [23]. Deep learning architectures such as
convolutional neural networks and U-Nets have been applied to predict local stress
and strain őelds [24, 25], while artiőcial neural networks have been used to accelerate
the evaluation of electromechanical properties in piezoelectric composites [26]. Other
approaches include ML-driven identiőcation of composite damage mechanisms [27],
recurrent neural networks for nonlinear elasto-plastic behaviour in multiscale sim-
ulations [28], and methods to predict transverse strength of UD-CFRP based on
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őbre distribution [29]. Collectively, these works underscore the potential of ML in
composite modelling but also highlight that many methods require large datasets or
intensive training. To address these limitations, active learning strategies have been
developed to reduce dataset requirements while preserving predictive accuracy.

Active learning, successfully implemented in various őelds [30, 31, 32], enhances
surrogate modelling by introducing an iterative reőnement process that strategically
improves model performance. It selectively identiőes regions of high uncertainty in
the model’s predictions and focuses computational resources on these areas, improv-
ing accuracy and efficiency. This targeted strategy reduces the need for extensive
simulations by adding new data points where the model’s predictions are less certain.

Building upon the need for accurate and efficient modelling of composite materi-
als, this paper sets forth two primary objectives. The őrst is to predict the effective
moduli of composite materials by exploring a variety of machine learning (ML) mod-
els, to identify the most precise and reliable predictor. The second objective focuses
on leveraging the top-performing machine learning model to develop a surrogate
modelling framework enhanced with active learning techniques, aiming to further re-
duce computational costs. To the best of the author’s knowledge, such a method has
not been previously applied for this purpose. By accomplishing these goals, we aim
to establish a robust and efficient framework that provides dependable predictions
of composite material properties.

2. Generation of Representative Volume Element (RVE)

Numerical modelling methods are widely utilised to predict the thermo-mechanical
properties őber-reinforced composites. A critical prerequisite for these methods is
the accurate generation of Representative Volume Elements (RVEs) that capture
the composite’s microstructural features. RVEs provide a robust framework for link-
ing microscale characteristics to macroscale behaviour, enabling reliable prediction
of effective material properties which is an essential aspect of multiscale modelling.
Consequently, RVE generation techniques have become a key area of focus in the
scientiőc community [33, 34, 35].

2.1. Algorithms for RVE Generation

To accurately simulate the microstructure of unidirectional carbon őber-reinforced
polymers (UD CFRPs) for composite analysis, researchers have developed various al-
gorithms to generate artiőcial Representative Volume Elements (RVEs) with random
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őber packing [33, 36, 37]. These methods can be broadly categorised into two pri-
mary approaches: image-based techniques and algorithmic generation methods.

Image-based methods reconstruct microstructures from cross-sectional images,
effectively capturing the real conőgurations of composites. For example, the mi-
crostructure of UD carbon őber-reinforced composites has been statistically studied
based on scanning electron microscopy (SEM) images of cross-sections, leading to the
development of algorithms that generate numerical microstructures with equivalent
random distributions of őbers [38]. Such methods are highly effective in represent-
ing actual microstructural features but are computationally intensive due to the
multiple stages required for image acquisition, processing, and analysis especially
when numerous conőgurations are needed for statistical reliability [37, 39, 40]. Ad-
ditionally, a systematic approach has been employed to determine the RVE of glass
őber/polypropylene (GF/PP) composites using two methods: geometrical two-point
probability function analysis and HillśMandel kinematic homogenisation [41].

In contrast, algorithmic generation methods create microstructures numerically,
often focusing on ensuring statistical similarity to real conőgurations. These meth-
ods utilise statistical functions, like the nearest neighbour distance distribution, to
validate the generated structures, aiming to create a Statistically Equivalent RVE
(SERVE) [42]. A widely used algorithm in this category is Random Sequential Ad-
sorption (RSA), which places őbers or particles randomly within the RVE while
maintaining spatial constraints. This results in a statistically representative distri-
bution of őbers akin to actual composites [33, 43, 44, 45, 46].

RSA involves placing random points within an RVE while ensuring a minimum
separation distance between them. For instance, Yang et al. [47] validated the statis-
tical equivalency of simulated microstructures for ceramic matrix composites using
RSA. However, RSA can encounter a jamming limit at around 54.7% őbre volume
fraction1 for random sequential adsorption of discs in 2D, this limit is approximately
54.7% [48]., restricting how dense őbres can be packed. Modiőed RSA algorithms
have been developed to address this limitation. Segurado and Llorca [43] used a
modiőed RSA algorithm to generate three-dimensional RVE models of randomly
distributed spherical particles. They generated three-dimensional cubic unit cells
containing 30 non-overlapping identical spheres, suitable for particle volume frac-

1The jamming limit refers to the maximum achievable packing density using RSA, beyond which
no additional őbres can be added without violating the non-overlap condition.
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tions of up to 50%. This modiőed RSA algorithm allows for higher packing densities
while avoiding particle overlap.

Additionally, a shaking technique is sometimes introduced in RSA, where each
őbre is slightly displaced to allow higher packing densities2. A comprehensive review
[49] examined several shaking algorithms aimed at achieving denser conőgurations in
RSA-generated microstructures. Other techniques build upon RSA by adding distur-
bances to initially regular őbre arrangements, creating more realistic, non-uniform
distributions. For example, several studies [50, 51, 52] introduced disturbances into
hexagonal or square őbre patterns to simulate randomness.

A three-step Random Microstructure Generation (RMG) algorithm was proposed
[53], combining RSA for initial placement, random redistribution of őbers, and ad-
ditional őber placement in matrix-rich areas, achieving őber volume fractions up
to 65%. This approach was validated through extensive statistical analysis [54],
demonstrating its similarity to real őber distributions. Moreover, the three-step
RMG method has been shown to meet the SERVE criteria proposed in earlier work
[42].

A notable approach is the Nearest Neighbour Algorithm (NNA), developed by
Vaughan and McCarthy [37]. This algorithm combines experimental and numerical
methods, using statistical data to generate distributions that mimic both short- and
long-range őber interactions. Although computationally efficient, NNA sometimes
results in a higher frequency of small inter-őber distances and fewer larger distances
than typically observed in actual composite structures. To address this limitation,
a modiőed NNA method was proposed by Wang et al. [55], enhancing the nearest
neighbor distribution to create statistically equivalent random RVEs that better re-
ŕect real microstructures.

Yang et al. [56] introduced the Random Sequential Expansion (RSE) algorithm,
a modiőcation of the Random Sequential Addition (RSA) method that incorporates
adjustable distances between őbers to achieve higher volume fractions. The algo-
rithm can be adapted and implemented straightforwardly, RSE gained popularity
in the őeld [57, 58]. Despite these advantages, the algorithm faces signiőcant lim-

2The shaking technique involves small random displacements of őbres after their initial placement
using RSA to reduce gaps and increase packing density. A comprehensive review of such algorithms
is provided in [49]
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itations: it cannot exceed a maximum őber volume fraction of 65%, and it tends
to cause őber clustering in central regions while leaving matrix-rich areas near the
boundaries. These issues arise due to constraints related to the nearest-neighbor
distances within the algorithm[56].

Recent developments include the discrete element method, which generates RVEs
with őbers of varying radii, enhancing the realism of simulated microstructures [59].
Researchers have also compared simulated and real őber arrangements found in unidi-
rectional composites using statistical descriptors, aiming to validate numerical mod-
els against actual microstructures [54]. Reconstructing RVEs from real micrographs
plays a crucial role in this validation process, allowing for direct comparison between
simulated and actual őber distributions.

To ensure the generated microstructures are statistically equivalent to real com-
posites, Liu and Ghosh [60] provided a framework for assessing statistical and geomet-
ric equivalency of microstructures, including probability functions, size convergence,
and őber radius distribution. This framework offers a standardised method for RVE
validation, bridging the gap between simulated models and real-world materials.

While image-based techniques offer high ődelity in capturing real microstructures,
they are computationally intensive and less practical for generating numerous conőg-
urations. Algorithmic generation methods provide a more efficient alternative, with
various algorithms developed to overcome the limitations of RSA and achieve higher
őber volume fractions. Modiőed RSA algorithms and the incorporation of statistical
descriptors have enhanced the ability to generate RVEs that accurately represent the
microstructural characteristics of UD CFRPs. Validation through statistical equiv-
alence ensures that the generated RVEs are reliable for composite analysis.

Numerical modelling methods are widely utilised to predict the thermo-mechanical
properties of particle-reinforced composites. A critical prerequisite for these methods
is the accurate generation of Representative Volume Elements (RVEs) that capture
the composite’s microstructure. Consequently, RVE generation methods have be-
come a key area of focus in the scientiőc community [33, 34, 35].

To address the limitations of the Random Sequential Adsorption (RSA) algo-
rithm in achieving high őber volume fractions, we adopt the Molecular Dynamics
(MD)-based algorithm introduced by Ghossein and Lévesque [61]. In this method,
inclusions are initially introduced into the matrix with zero radius and are set in
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motion while their radii gradually increase. During this expansion and movement,
inclusions may collide with one another or interact with the boundaries of the RVE.
When collisions occur, the velocities of the inclusions are adjusted accordingly, and
periodic boundary conditions are applied to handle interactions with the RVE edges.
This process continues until the target inclusion volume fraction is achieved. The
MD-based algorithm efficiently generates RVEs with high volume fractions, reaching
values close to the theoretical dense packing limit, all while maintaining low compu-
tational costs.

In the next section, a brief explanation and comparison of the RSA and MD-based
algorithms, highlighting their respective advantages and applicability in generating
realistic microstructures for composite materials.

2.1.1. Random Sequential Adsorption (RSA)

The Random Sequential Adsorption (RSA) algorithm is one of the simplest and
most commonly used methods for generating RVEs [62, 63]. In this method, particles
are randomly positioned and sequentially added into the RVE, ensuring no overlaps
occur with previously placed particles. The condition for each newly added particle
i and existing particle j is that the distance between their centers dij must satisfy:

dij ≥ ri + rj (1)

where ri and rj are the radii of particles i and j, respectively. The process
continues until the system reaches a maximum particle volume fraction (PVF), also
known as the jamming limit. As the system approaches this limit, the coverage at
the jamming state is given by:

θ(t) = θ(∞)−
c

t1/2
(2)

where t represents the number of attempts to place new particles, and θ(t) repre-
sents the fraction of the surface particles covered at time t. The coverage saturates
asymptotically as t−1/2 [64], indicating that the system slows down as it approaches
the jamming limit. In two dimensions, for disks, the maximum achievable coverage
is approximately θ(∞) = 0.547± 0.003 [64].

2.1.2. Molecular Dynamics (MD)-based Method

To overcome the inherent limitations of RSA (e.g., low maximum packing density
due to the jamming limit and lack of particle rearrangement), a Molecular Dynamics
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(MD)-based algorithm is implemented. In this approach, particles are initially placed
in the RVE with a radius r0 = 0, and their size increases dynamically while they
are allowed to move and collide. The time t at which two particles i and j collide is
determined by solving the following quadratic equation:

at2 + 2bt+ c = 0 (3)

where the coefficients are deőned as:

a = ∥∆vn∥
2 − (ai + aj)

2 (4)

b = (∆rn ·∆vn)− (Rn
i +Rn

j )(ai + aj) (5)

c = ∥∆rn∥
2 − (Rn

i +Rn
j )

2 (6)

In these equations, ∆rn is the relative position between the centers of the parti-
cles, and ∆vn is the relative velocity. ai and aj are the growth rates of the particles,
while Rn

i and Rn
j are their radii at time n [61].

When two particles collide, their velocities are updated based on the kinetic
energy and growth rates. The new velocities vn+1

i and v
n+1

j of particles i and j after
a collision are calculated using:

v
n+1

i = v
n
j + (ai + aj)û+ v

⊥

i (7)

v
n+1

j = v
n
i − (ai + aj)û+ v

⊥

j (8)

where û is the unit vector along the line connecting the centers of the two collid-
ing particles, and v

⊥

i represents the perpendicular component of the velocity, which
remains unchanged during the collision [61].

The MD method continues until the desired PVF is achieved. This approach
enables efficient generation of RVEs with high PVFs, often up to and exceeding the
theoretical dense packing limit. The PVF achieved through MD can reach values
greater than 80%, signiőcantly surpassing the jamming limit of RSA:

ϕMD > ϕRSA ≈ 0.5 (9)

By incorporating the MD algorithm after an initial RSA placement, the system
can achieve higher volume fractions while maintaining non-overlapping particles.
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This leads to greater computational efficiency and more realistic modelling of dense
composite microstructures. As shown in Figure 1, the algorithm effectively generates
microstructures for different RVE sizes, demonstrating uniform particle distributions
at varying scales. Figure 2 illustrates the successful integration of these microstruc-
tures into Abaqus, highlighting the mesh distribution across the őbers and matrix
within the RVE. A comprehensive analysis of the Molecular Dynamics (MD) algo-
rithm for RVE generation is provided in Ref [61, 65].

Figure 1: Microstructures generated by the algorithm for 20 µm, 60 µm, and 100 µm.

Figure 2: Corresponding Abaqus models demonstrating successful integration for 20 µm, 60 µm,
and 100 µm.
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3. Micromechanics Modelling

3.1. Fiber Constitutive Model

The constitutive modelling of unidirectional őber-reinforced lamina can be effec-
tively approached by treating the lamina as a transversely isotropic material. In such
materials, due to their symmetry around the őber axis, the number of independent
elastic constants reduces to őve. Speciőcally, the transverse elastic moduli are equal
(E2 = E3), the shear moduli in the planes containing the őber direction are identi-
cal (G12 = G13), and the Poisson’s ratios are the same in these planes (ν12 = ν13).
Additionally, the shear modulus in the plane perpendicular to the őber direction is
deőned by

G23 =
E2

2(1 + ν23)
. (10)

Therefore, AS4 carbon őbers were modeled as linear elastic and transversely
isotropic solids. The properties of the AS4 carbon őbers were employed in the anal-
ysis, and their values are shown in Table 1.

Table 1: Material properties of AS4 carbon őbers [66].

Property Value

Longitudinal Young’s Modulus, E1 (GPa) 225
Transverse Young’s Modulus, E2 (GPa) 15
Poisson’s Ratio, ν12 0.20
Shear Modulus, G12 (GPa) 15
Shear Modulus, G23 (GPa) 7

3.2. Matrix Constitutive Model

The matrix material used in this study is 3501-6 epoxy, modelled as a linear
elastic isotropic solid. The mechanical properties of the matrix are provided in Table
2.

Table 2: Mechanical properties of the epoxy matrix [66].

Property Value

Elastic Modulus, Em (GPa) 4.2
Poisson’s Ratio, νm 0.34
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3.3. Periodic Boundary Conditions (PBC)

In the micromechanical simulations, periodic boundary conditions (PBC) were
applied to ensure that the representative volume element (RVE) accurately reŕects
the behaviour of an inőnite material. PBC enforce the continuity of displacement
őelds across the boundaries of the RVE, ensuring that adjacent RVEs őt seamlessly
together. This approach is critical for simulating composite materials where small-
scale RVEs are used to represent the overall behaviour.

To impose periodic boundary conditions, the displacements on opposite faces of
the RVE must be related. For an RVE with dimensions w0×L0×L0, the PBC were
enforced using the following equations, ensuring continuity in the mechanical őelds.

For displacement in the X1-direction:

u⃗(0, X2, X3)− u⃗(w0, X2, X3) = U1, (11)

where u⃗(X1, X2, X3) represents the displacement at a point on the RVE boundary,
and U1 is the displacement of the master node in the X1-direction. This ensures that
the displacements at the front and back faces of the RVE in the X1-direction are
equal, up to a global translation given by U1.

For displacement in the X2-direction:

u⃗(X1, 0, X3)− u⃗(X1, L0, X3) = U2, (12)

where U2 is the master node displacement in the X2-direction. This equation ensures
continuity of displacements between the top and bottom faces of the RVE along the
X2-axis.

For displacement in the X3-direction:

u⃗(X1, X2, 0)− u⃗(X1, X2, L0) = U3, (13)

where U3 represents the master node displacement in the X3-direction. This ensures
continuous displacements on the front and back faces in the X3-direction.

In these equations, X1, X2, X3 represent the coordinates of the points on the RVE
boundaries, while U1, U2, U3 are the displacements at the master nodes in their re-
spective directions. These conditions ensure that the mechanical őelds are periodic
across the boundaries, enabling the RVE to behave as part of an inőnite material
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structure.

The periodic boundary conditions thus provide a realistic and efficient way to
model the mechanical response of őbre-reinforced composites while minimising the
computational cost associated with simulating large-scale structures [67].

3.4. Micromechanical Analysis and Simulation Framework

The micromechanical analysis of composites, often performed using Representa-
tive Volume Elements (RVEs), provides a framework for capturing the heterogeneous
microstructure of composites and their material responses at the microscale, enabling
the calculation of effective macroscopic properties. In this study, 50 simulations were
conducted on RVEs with varying sizes for initial datasets, ranging from 20 to 100
micrometres, and őbre volume fractions (Vf ) spanning from 30% to 60%, to predict
the effective mechanical properties of őbre-reinforced composites. These simulations
generated data for mechanical properties, including E11, E22, G12, G23, and ν12, which
were used to develop a predictive machine learning (ML) model. The model aims to
estimate the effective moduli of the composites based on RVE size and őbre volume
fraction, providing a robust tool for accurately predicting composite behaviour.

4. Machine Learning for Composite Material Property Prediction

4.1. Machine Learning Models

Machine learning (ML) offers powerful tools for modelling complex, non-linear re-
lationships between microstructural features and the effective properties of composite
materials. In this study, supervised learning techniques are employed to develop pre-
dictive models capable of estimating the homogenised mechanical properties based
on input parameters such as őbre volume fraction and RVE size. The following sub-
section presents the selected ML algorithms used for this purpose and outlines their
underlying principles.

• Random Forest Regressor: A powerful ensemble learning method that
builds multiple decision trees and averages their predictions. This model typi-
cally handles non-linear relationships well and reduces overőtting [68].

• Gradient Boosting Regressor: Another ensemble model that builds deci-
sion trees sequentially. Each subsequent tree corrects the errors of the previous
ones, leading to improved performance [69].
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• Support Vector Regressor (SVR): A regression version of Support Vector
Machines, which aims to őt the best possible regression line within a margin
of tolerance [70].

Each model’s training process and evaluation metrics, such as accuracy and R² scores,
are described.

4.2. Model Training and Evaluation

The performance of four machine learning models: Random Forest, Gradient
Boosting and Support Vector Regressor (SVR) was evaluated using Mean Squared
Error (MSE) and R2 score as metrics. The formulas for these metrics are:

MSE =
1

N

N
∑

i=1

(yi − ŷi)
2 (14)

R2 = 1−

∑N
i=1

(yi − ŷi)
2

∑N
i=1

(yi − ȳ)2
(15)

where N is the total number of data points, yi represents the observed values
(in this study corresponding to the effective properties obtained from the FE (RVE)
simulations described in Section 3.4, which serve as the ground truth for training and
evaluation), ŷi are the predicted values, and ȳ is the mean of the observed values,
given by

ȳ =
1

N

N
∑

i=1

yi. (16)

These metrics provide understanding into the accuracy and predictive capability
of each model, with lower MSE values indicating closer alignment between predicted
and actual values, and higher R2 scores demonstrating better őt to the data. The
Random Forest model yielded the best performance, achieving an MSE of 0.0019
and an R2 score of 95.63%, highlighting its strength in capturing the underlying
relationships in the data. Gradient Boosting also performed well, with an MSE of
0.0040 and an R2 score of 92.36%, albeit slightly less accurate than Random Forest.
In contrast, the Support Vector Regressor displayed moderate accuracy with an
MSE of 0.0156 and an R2 score of 65.78%. These results are detailed in Table 3 and
visualised in Figure 3, providing a comparative view of model efficacy based on these
performance metrics.
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Table 3: Model Performance Comparison for Various Machine Learning Models

Model Mean Squared Error (MSE) R² Score

Random Forest 0.0019 95.63%
Gradient Boosting 0.0040 92.36%
Support Vector Regressor (SVR) 0.0156 65.78%

RF GB SVR
Model

0.0

0.2

0.4

0.6

0.8

1.0

R²
 S

co
re

Figure 3: Model Performance Comparison (R² Scores)

The predicted vs. actual plots in Figure 4 provide a visual evaluation of the
Random Forest model’s performance across various mechanical properties (E11, E22,
G12, G23, and ν12). Ideally, points should lie close to the red diagonal line, which
represents perfect prediction accuracy. In the case of properties like E11 and E22,
the data points align relatively closely with this line, indicating that the model
has captured the underlying trends and provides accurate predictions. However, for
properties such as G12 and G23, there is more scatter around the diagonal, suggesting
that the model has some difficulty in precisely predicting these values.

For ν12, the points display a strong alignment with the diagonal, showing that
the model performs well in predicting this property. Overall, these plots demonstrate
the effectiveness of the Random Forest model in capturing complex relationships for
most properties, though certain areas, like shear moduli, may beneőt from further
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reőnement or additional data to enhance prediction accuracy.
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Figure 4: Predicted vs Actual Values for the Best Model (Random Forest) using Normalised Data
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5. Surrogate Modelling with Active Learning for Efficient Predictions

5.1. Surrogate Model Creation and Active Learning Integration

To reduce the computational cost associated with full RVE simulations, the Ran-
dom Forest Regressor is adapted as a surrogate model. This surrogate model ap-
proximates the complex relationships between input parameters (e.g., őber volume
fraction, RVE size) and output mechanical properties, enabling rapid predictions
without the need for time-intensive őnite element (FE) analyses. By capturing these
relationships effectively, the surrogate model serves as a reliable alternative to tradi-
tional simulations, particularly valuable for parameter sweeps, optimisation studies,
and sensitivity analyses.

The surrogate model is created within a Python-based workŕow that integrates
machine learning with FE simulations to predict composite material properties ef-
őciently. The Random Forest Regressor is trained on a dataset generated from a
range of FE simulations, capturing various parameter combinations. The model’s
performance is validated using metrics such as Mean Squared Error (MSE) and R2

score to ensure it accurately approximates FE simulation results. Once validated,
the model is incorporated into the workŕow, providing fast and efficient predictions
with minimal deviation from full simulations.

To further enhance prediction accuracy, active learning, which has been success-
fully implemented in various őelds [30, 31, 32], is employed to iteratively reőne the
surrogate model. This active learning approach selectively identiőes regions of high
uncertainty in the model’s predictions and prioritises these areas for additional FE
simulations. By focusing computational resources on these uncertain regions, ac-
tive learning balances computational efficiency with predictive precision, effectively
reducing the need for random sampling and making the reőnement process more tar-
geted. When the model encounters high-uncertainty regions, new simulation data is
generated, incorporated into the training set, and the model is retrained, improving
its predictive capability over successive iterations.

This combined approach of surrogate modelling and active learning allows the
Random Forest model to predict complex FE simulation results while progressively
enhancing its accuracy. The iterative process continues until the surrogate model
achieves a predeőned accuracy threshold across the parameter space, resulting in
a robust framework capable of reliable, efficient predictions for composite material
properties. This method leverages the power of machine learning to create a surro-
gate that not only accelerates the prediction process but also optimises computational
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resources by minimising the need for extensive simulations.

5.2. Workŕow Structure and Methodology

5.2.1. Loading Initial Data

The code begins with a dataset containing two input features and őve target
outputs:

• Inputs:

ś RVE Size (µm): The size of the Representative Volume Element.

ś Vf (%): The volume fraction of őber in the composite.

• Outputs (Material Properties):

ś Elastic Moduli : E11 and E22 in GPa.

ś Shear Moduli : G12 and G23 in GPa.

ś Poisson’s Ratio: ν12.

5.2.2. Data Normalisation

Normalisation scales data to a consistent range, enhancing model performance.
Given an input feature X and a target feature Y , Min-Max normalisation is applied
as follows:

Xnormalised =
X −Xmin

Xmax −Xmin

(17)

Ynormalised =
Y − Ymin

Ymax − Ymin

(18)

where Xmin and Xmax represent the minimum and maximum values in the dataset.
This scaling ensures all features contribute equally during model training.

5.2.3. Training the Surrogate Model

A Random Forest Regressor learns the relationship between input features and
material properties. After training, the model can predict properties based on new
RVE sizes and volume fractions.

Given the input vector X = [RVE Size, V f ], the trained model outputs predic-
tions for the target vector Y = [E11, E22, G12, G23, ν12]. The predicted output for
each property, Ŷi, is computed as:
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Ŷi =
1

N

N
∑

j=1

Treej(X) (19)

where N is the number of trees, and Treej represents each individual tree’s pre-
diction.

5.2.4. Active Learning and Uncertainty Analysis

The model’s accuracy is improved through an active learning loop. The loop
begins by generating new input values within speciőed ranges (e.g., 40 ≤ RVE Size ≤
60 and 40 ≤ V f ≤ 60).

To assess prediction certainty, the code calculates the variance of predictions
across the trees in the Random Forest model. For each target property Yi, the
variance σ2

i among tree predictions is:

σ2

i =
1

N

N
∑

j=1

(

Treej(X)− Ŷi

)2

(20)

If the average variance across all properties exceeds a deőned variance threshold
(0.01), the model ŕags the prediction as unreliable and initiates an FE simulation.

5.2.5. Running Simulations for High Uncertainty Predictions

When the variance indicates high uncertainty, the code triggers an FE simulation
using the generated input values. Simulation outputs actual property values, which
update the dataset and retrain the model, thereby minimising prediction errors.
After each simulation, the dataset is expanded with the new result, and the surrogate
model is retrained using the updated dataset. This retraining involves:

1. Re-normalisation of the updated data.
2. Re-calculating the ensemble prediction using new data points.
3. Updating the model to account for the newly observed data, improving predic-

tion accuracy for future iterations.
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Figure 5: Workŕow of the active learning loop with a Random Forest model for predicting effective
properties. High variance predictions trigger new simulations, while low variance predictions are
directly used to update the data until őnal evaluation.

6. Results and Discussion

6.1. Rationale for Aggregated Predictions

Theoretical models, such as Halpin-Tsai and Mori-Tanaka, inherently do not ac-
count for RVE size in their calculations. Similarly, experimental studies often omit
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to mention the RVE size used, making direct comparisons with size-sensitive re-
sults impractical. To address this, feature importance analysis (refer to Figure 6)
conőrmed that RVE size has an insigniőcant effect on machine learning (ML) pre-
dictions. This is conőrmed by Kari et al. [45], who found that varying particle size
within a constant RVE size does not signiőcantly affect effective material properties.
Fiber volume fraction (Vf ) was identiőed as the dominant factor, with a feature im-
portance score of approximately 0.95, while RVE size contributed minimally with a
score of around 0.05. These őndings align with the assumptions of theoretical models
and experimental studies, which implicitly treat Vf as the primary variable of interest.

0.0 0.2 0.4 0.6 0.8 1.0
Feature Importance

RVE Size

Vf

Fe
at

ur
e

Figure 6: Feature Importance Analysis: Vf dominates the predictions, while RVE size has minimal
inŕuence.

Given this, predictions were aggregated based on Vf , grouping all results by őber
volume fraction while disregarding RVE size. This approach simpliőes the analysis,
eliminates inconsistencies arising from RVE size variability, and ensures valid com-
parisons across theoretical, experimental, and ML-based predictions.

To illustrate the effectiveness of aggregating predictions based on Vf , Figures 7a
and 7b showcase the results for E11 and G23, respectively. The blue dots in both
őgures represent individual machine learning (ML) predictions for each Vf , which
exhibit clustering, indicating consistent predictions across different RVE sizes. The
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red dots denote the aggregated predictions for each Vf , computed as the mean of
the individual predictions. The error bars on the red dots indicate the standard
deviation of the individual predictions.

Figure 7a illustrates the predictions for E11, where the aggregated predictions
(red dots) align closely with the cluster of individual predictions (blue dots), demon-
strating the small variability in ML predictions for each Vf . Similarly, Figure 7b
shows the predictions for G23, where the clustering of blue dots around the red dots
conőrms that Vf is the dominant factor inŕuencing predictions.

By aggregating predictions, variability due to RVE size is effectively eliminated,
simplifying the analysis and ensuring consistent and robust comparisons. This method
reinforces the alignment of ML predictions with theoretical and experimental assump-
tions, focusing solely on Vf as the key variable.

(a) Predictions for E11. (b) Predictions for G23.

Figure 7: Comparison of individual (blue dots) and aggregated (red dots with error bars) ML
predictions for E11 and G23. The red dots represent the mean aggregated predictions, while the
error bars indicate the standard deviation of individual predictions.

6.2. Validation of ML Predictions

The comparison of ML predictions with theoretical models (Rule of Mixtures
(ROM) [2], Nielson [71, 63], Chamis [72], Halpin-Tsai (HT) [7], Mori-Tanaka (MT)
[73], Huang, and Saravanos-Chamis [74, 75]) and experimental results across various
őber volume fractions (Vf ) provides critical insights into the accuracy of different
approaches for predicting the effective elastic properties of composite materials. The
analysis encompasses Vf = 40%, 45%, 50%, 55%, and 60%, with an experimental
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data available at Vf = 60% to validate the ML predictions and reliabilities.

For E11, the longitudinal Young’s modulus, the ML model demonstrates strong
alignment with the ROM theoretical model across lower őber volume fractions.
Speciőcally, at Vf = 40%, 45%, 50%, and 55%, the relative differences between
ML and ROM predictions are 0.91%, 1.00%, 1.26%, and 0.26%, respectively. These
minimal deviations indicate that the ML model reliably interpolates the longitudinal
stiffness trends within this range of őber volume fractions.

At a higher őber volume fraction of Vf = 60%, the relative difference between
ML and ROM predictions increases to 4.67%. Despite this increase, the ML model
maintains a lower deviation of 3.41% when compared directly to experimental data,
whereas the ROM model exhibits a larger deviation of 8.50%. This signiőcant im-
provement at Vf = 60% underscores the ML model’s enhanced capability to ac-
curately capture the stiffness contributions from the őber phase at elevated őber
contents.

In the case of E22, the transverse Young’s modulus, noticeable discrepancies were
observed between machine learning (ML) predictions, theoretical models, and exper-
imental data. At a őbre volume fraction of Vf = 60%, the relative difference between
the experimental result and each model was as follows: the Huang model differed
by 17.56%, the Chamis model by 12.64%, and the Halpin-Tsai model by 17.09%.
In comparison, the ML prediction exhibited a relative difference of 19.59% from the
experimental value, performing better than the Nielson model comparably to Halpin-
Tsai and Huang models. Across the lower őbre volume fractions (Vf = 40% to 55%),
the Halpin-Tsai model consistently produced values slightly lower than the ML pre-
dictions, while the Nielson model signiőcantly underpredicted E22, especially as Vf

increased. In contrast, the ML predictions showed a trend that closely matched the
simulation results and followed the experimental data more reliably than the major-
ity of the theoretical models. Notably, the ML predictions aligned more closely with
Huang and Halpin-Tsai at moderate Vf , and maintained better overall consistency
across the range than Nielson.

The comparison of the in-plane shear modulus, G12, obtained from the machine
learning (ML) model, theoretical models, and experimental data reveals distinct
trends. Figure 1 illustrates the variations of G12. At Vf = 60%, the percentage errors
between the experimental data and the theoretical models are notable. Speciőcally,
the errors for the Nielson, Chamis, Halpin-Tsai, Mori-Tanaka, and Huang models are

24



43.86%, 22.48%, 27.96%, 31.26%, and 39.41%, respectively. The ML model shows an
error of 29.83% compared to the experimental data, indicating that its predictions
are within a comparable range to those of the theoretical models. This highlights
the reliability of the ML model, as it performs similarly to well-established analytical
approaches, particularly Halpin-Tsai and Mori-Tanaka.

The ML predictions generally align well with the theoretical models, with lower
errors at smaller őbre volume fractions, and the trends observed at Vf = 60% suggest
that the model effectively captures the material behaviour. While further reőnement
or additional data could improve its performance.

For the out-of-plane shear modulus, G23, the models showcased varying perfor-
mance. At Vf = 60%, the HT model and MT model had a 15.33% relative difference,
the Saravanos-Chamis (SC) model showed a 11.53% difference, the Huang model
presented a 12.39% difference, and the Chamis model had a remarkably low 0.28%
relative difference. The ML prediction demonstrated a 15.79% relative difference
compared to experiments, placing it within the range of theoretical models. It out-
performed the SC, Huang, and Chamis models, and was very close to the Halpin-Tsai
model and better than the Mori-Tanaka model.

At Vf = 40%, 45%, 50%, and 55%, the ML predictions exhibited relatively small
differences when compared to theoretical models such as HT and Huang. For in-
stance, at Vf = 40%, the ML model differed by only 1.78% and 1.27% respectively.
These results highlight the ML model’s ability to effectively capture the variation
trends in G23, especially across intermediate őbre volume fractions.

The prediction of Poisson’s ratio, ν12, was consistent across all models. At
Vf = 60%, the ROM model exhibited a 8.57% relative difference from experiments,
while the ML prediction showed a 8.92% deviation. Across other őber volume frac-
tions (Vf = 40% to 55%), the ML model showed minimal variation, with deviations
from the ROM model ranging from 1.05% to 2.28%. Both ML and theoretical mod-
els exhibit minimal variation in predicting ν12, with deviations remaining low across
all őber volume fractions. This consistency underscores the relative insensitivity of
Poisson’s ratio to őber content and the effectiveness of both modelling approaches
in capturing this property.
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The machine learning (ML) model demonstrates considerable potential in ac-
curately predicting the longitudinal and transverse elastic properties of composite
materials, often outperforming traditional theoretical models. Nevertheless, certain
limitations should be acknowledged. Predictions of shear moduli (G12 and G23) ex-
hibited greater variability compared to the longitudinal moduli, underscoring the
challenges in capturing complex shear behaviour. Despite these challenges, the in-
tegration of active learning methodologies holds promise for enhancing predictive
capabilities, thereby positioning ML models as valuable tools for composite material
design and analysis.

Active learning will be introduced in the next section to further enhance the
predictive capabilities of the ML model. This approach will iteratively reőne the
model by prioritising high-impact data points for additional simulations, thereby
improving its accuracy and robustness. Active learning will also ensure the efficient
use of computational resources while maximising the generalisability of the ML model
for composite material property prediction.
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Figure 8: Comparison of predictions for effective properties using different methods.
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6.3. Enhancements through Surrogate Modelling and Active Learning

The integration of active learning into the surrogate model has signiőcantly en-
hanced its predictive accuracy and consistency for the effective elastic properties of
composite materials. The surrogate model efficiently incorporates new, informative
data points by triggering additional FEM simulations only when the model’s pre-
diction uncertainty exceeds a set variance threshold (0.01). When triggered, FEM
simulations are run for all selected RVE sizes and őbre volume fractions as presented
in Table 6, and the aggregated results are added to the dataset. This targeted ap-
proach optimises computational resources by avoiding unnecessary simulations and
ensures that the model learns from the most critical data, maintaining predictions
within acceptable limits. Table 4 and Table 5 present a comprehensive comparison of
elastic property predictions at various őbre volume fractions (Vf = 40% to 60%). The
data includes predictions from the machine learning (ML) model enhanced with ac-
tive learning and results from the simulations. The ML model predicted the effective
properties at Vf = 40% with high conődence, hence no simulation data are presented.

For the longitudinal modulus E11, the ML model shows remarkable accuracy
across all őbre volume fractions. At Vf = 45%, the ML prediction (103.20 ± 0.56)
is within 0.67% of the simulation (103.89 ± 0.14). Similarly, at Vf = 60%, the ML
prediction (131.12±3.65) deviates by only 1.73% from the simulation (128.90±5.54).
The transverse modulus E22 presents a more challenging prediction due to complex
őbre-matrix interactions. Nevertheless, the ML model demonstrates excellent agree-
ment with the simulations. At Vf = 50%, the ML prediction (8.01 ± 0.11) deviates
by only 1.05% from the simulation (8.10 ± 0.10). Shear moduli G12 and G23 also
exhibit strong predictive performance with the active learning approach. For G12

at Vf = 55%, the ML prediction (4.39 ± 0.08) is within 1.19% of the simulation
(4.34 ± 0.16). For G23, the ML predictions closely match the results across all vol-
ume fractions, with deviations typically less than 1%. For example, at Vf = 50%, the
ML prediction (2.93±0.02) is within 0.58% of the simulation (2.95±0.01). Poisson’s
ratio (ν12) maintains high reliability across all volume fractions. The ML predictions
consistently align with the simulations, with negligible differences. At Vf = 45%, the
ML prediction (0.27± 0.00) matches the simulation (0.27± 0.00) almost exactly.

After implementing active learning, the performance of the machine learning
(ML) model improved across all predicted properties. The ML predictions now ex-
hibit smoother trends and align much better with simulation and theoretical data,
closely matching models such as Chamis, Huang, Mori-Tanaka, Halpin-Tsai and the
Rule of Mixtures, as well as experimental results (see Figure 9). This enhanced
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alignment is evident through reduced deviations and more realistic trends across the
őbre volume fraction range. The active learning-enhanced surrogate model demon-
strates superior performance in predicting the effective elastic properties of composite
materials. By focusing on the most informative data and reducing unnecessary sim-
ulations, the model achieves high predictive accuracy and consistency with reduced
computational resources. This efficient approach minimises the need for large-scale
datasets while closely matching simulation results, validating the effectiveness of in-
tegrating active learning into surrogate modelling. Overall, these results conőrm
that the ML framework demonstrates superior accuracy in predicting transverse and
shear properties compared to most theoretical models, while remaining fully consis-
tent with FEM simulations and experimental observations.
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Table 4: Comparison of ML predictions and ROM for E11 and ν12 at Vf = 40% and Vf = 60%.

Vf (%) Property ML Prediction (± Std) ROM Difference (ML to ROM) Simulation (± Std)

40.00
E11 90.82± 2.93 91.80 1.06% -
ν12 0.28± 0.00 0.28 1.19% -

60.00
E11 131.12± 3.65 136.20 3.73% 128.90± 5.54
ν12 0.25± 0.00 0.26 0.60% 0.26± 0.00

Table 5: Comparison of ML predictions, selected methods, and differences (E22, G12, G23) at
Vf = 40% and Vf = 60%.

Vf (%) Property ML Prediction (± Std) Method Value Difference (ML to Method) Simulation (± Std)

40.00

E22

7.06± 0.10 Nielson 5.89 19.82%

-

Chamis 7.71 8.49%
HT 7.05 0.04%

G12

3.12± 0.08 Nielson 2.80 11.49%
Chamis 3.61 13.60%

HT 3.07 1.66%

G23

2.54± 0.05 Chamis 3.08 17.62%
HT 2.52 0.82%

Huang 2.59 2.23%

60.00

E22

8.77± 0.17 Nielson 6.72 30.51%
8.56± 0.28Chamis 9.50 7.62%

HT 9.12 3.81%

G12

4.69± 0.18 Nielson 3.70 26.50%
4.41± 0.26Chamis 5.12 8.39%

HT 4.75 1.43%

G23

3.30± 0.08 Chamis 3.93 15.97%
3.29± 0.11HT 3.32 0.58%

Huang 3.43 3.85%
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Figure 9: Comparison of predictions for effective properties using different methods.
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Table 6 summarises the behaviour of the active learning loop. At smaller RVE
sizes (40ś45 µm), the surrogate model ŕagged high uncertainty at several őbre volume
fractions, which triggered new FEM simulations. As the dataset was enriched, the
variance dropped below the threshold and subsequent combinations (e.g., 55ś60 µm)
were resolved entirely through surrogate predictions without further simulations.
This illustrates how the framework adaptively concentrates computational effort on
critical regions of the design space while avoiding unnecessary FEM runs, thereby
achieving convergence with minimal additional cost.

Table 6: Active learning selections by RVE size and őbre volume fraction.

RVE size (µm) Vf (%) Status

40 40 Prediction only
40 45, 50, 55, 60 New simulation triggered

45 40 Prediction only
45 45, 50 New simulation triggered
45 55 Prediction only
45 60 New simulation triggered

50 40, 45, 50 Prediction only
50 55 New simulation triggered
50 60 Prediction only
55 40, 45, 50, 55, 60 Prediction only
60 40, 45, 50, 55, 60 Prediction only

6.4. Impact of Active Learning on Prediction Uncertainty

Active learning is essential in reducing prediction uncertainty by systematically
identifying regions with high variability and incorporating additional simulation data
to enhance model accuracy. This process not only ensures higher conődence in ma-
chine learning (ML) predictions but also minimises the standard deviation of predic-
tions for key properties. The analysis focuses on two critical properties, E11 and G23,
demonstrating the effectiveness of active learning in improving prediction robustness.

The őgures illustrate the impact of active learning on reducing prediction uncer-
tainty for two key properties, E11 and G23. For E11, high uncertainty regions prior
to active learning, as shown in Figure 10a, are observed around RVE Size = 45µm
and Vf = 50%, and RVE Size = 50µm and Vf = 55%. These regions exhibit sig-
niőcant reductions in standard deviation after active learning, with reductions of
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(a) Standard deviation of E11 predictions before active
learning.

(b) Reduction in E11 uncertainty after active learning.

(c) Standard deviation of G23 predictions before active
learning.

(d) Reduction in G23 uncertainty after active learning.

Figure 10: Impact of active learning on the standard deviation of predictions for E11 and G23.

up to 6.4 units (Figure 10b). Similarly, for G23, areas of high standard deviation
exhibit reductions of approximately 0.27 and 0.22 units, respectively, as illustrated
in Figure 10d. These results conőrm the effectiveness of active learning in reőning
prediction accuracy, particularly in regions with high initial uncertainty.

The results demonstrate that active learning efficiently identiőes and mitigates
high-uncertainty regions by performing targeted simulations. The reductions in stan-
dard deviation for E11 and G23 highlight its ability to enhance prediction reliability
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across the RVE size and őbre volume fraction parameter space. These őndings un-
derscore the utility of active learning in improving surrogate models, enabling higher
prediction conődence while minimising computational costs.

6.5. Generalisability and Extensions

While the present work focuses on elastic properties of unidirectional őbre-reinforced
composites, the framework is readily transferable to other contexts provided an
RVEśFEM dataset is available. One natural extension is to thermal properties:
by replacing elastic simulations with virtual thermal tests, the framework could pre-
dict anisotropic and temperature-dependent conductivities, similar to homogenisa-
tion studies of woven composites where periodic boundary conditions were reformu-
lated for thermal loading [76]. This is consistent with őndings from 2D FE studies of
particle-reinforced composites, where predictive power was found to be stronger for
thermal conductivity and coefficient of thermal expansion than for elastic properties,
particularly at high őbre volume fractions [77]. Such results highlight the suitabil-
ity of FEMśML surrogates for multiphysical behaviour, especially when the same
modelling assumptions are adopted.

The methodology can also be extended to thermo-mechanical coupling. For ex-
ample, multiscale FEM and asymptotic homogenisation have been successfully ap-
plied to woven SiCf/SiC systems, showing good agreement with experimental data
[78]. Embedding such coupled RVE simulations within the present surrogateśactive
learning framework would allow scalable prediction of thermo-mechanical responses
across a broader range of composites.

Beyond linear elasticity, nonlinear and damage responses are equally accessi-
ble. Prior homogenisation studies have incorporated matrix elasto-plasticity and
őbreśmatrix decohesion through advanced yield criteria and cohesive interface ele-
ments [79]. ML-based approaches have likewise captured impact behaviour of layered
and hybrid composites [21, 22], predicted transverse strength of UD-CFRP from ő-
bre distributions [29], and identiőed composite damage mechanisms from acoustic
emission features [27]. Recurrent and gated neural networks have also been shown
to effectively model path-dependent plasticity in multiscale settings [28]. Within
such scenarios, active learning is particularly valuable to reduce the cost of gener-
ating large nonlinear FEM datasets. Furthermore, the surrogate could be tailored
to detect őbreśmatrix debonding by incorporating yield points from stressśstrain
responses into the training data, supported by FEM datasets with cohesive elements
at the őbreśmatrix interface. These extensions underline the generalisability of the
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proposed framework and its potential as a versatile multiphysics and multiscale mod-
elling tool for composite materials.
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7. Conclusion

This study demonstrates that integrating periodic boundary conditions (PBCs),
RVE-based micromechanics, and machine learning-based surrogate modelling en-
hances the prediction of effective composite material properties. To the best of the
author’s knowledge, this is the őrst study to employ such an integrated approach.
The key őndings are:

• ML surrogates provide rapid and accurate predictions of composite properties,
reducing the need for expensive FEM simulations.

• Active learning improves accuracy and efficiency by selectively enriching the
dataset in regions of high uncertainty.

• PBCs ensure consistent boundary behaviour in RVE simulations, enabling re-
liable mechanical property predictions.

• The framework shows strong agreement with FEM, theoretical models, and
experiments, with particularly high accuracy for E11 and E22.

• Limitations remain for shear moduli (G12, G23), where predictions are compa-
rable to analytical models but affected by the sensitivity of shear behaviour to
őbreśmatrix interactions.

Future work will expand the framework to multi-phase and hybrid composites,
adopt advanced ML methods (e.g., deep learning, ensembles), broaden experimental
validation, and perform systematic runtime comparisons including FEM with dam-
age modelling. This study establishes a robust foundation for scalable ML-based
surrogate modelling in composite material design.
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