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ABSTRACT

This paper presents an advanced meta-modeling framework that efficiently combines Machine Learning and
Model Order Reduction (MOR) techniques for real-time virtual testing of woven composite materials. The
framework is specifically designed to develop a multiparametric solution capable of accurately predicting
the macroscopic nonlinear stress—strain curves of woven composite laminates submitted to loading—unloading
paths. It takes into account five key microstructural parameters: yarn weft width, yarn warp width, yarn
spacing, fabric thickness as well as the reinforcement orientation. The methodology employs the Proper
Orthogonal Decomposition (POD) technique to decompose the stress—strain curves, extracting principal features
that effectively characterize the overall composite’s response. Subsequently, a Random Forest machine learning
model is applied to interpolate these features across the microstructural parameter space, allowing for rapid
retrieval of corresponding features for any new laminate configuration in the nonlinear regime. A key
advantages of this approach is its capacity to dynamically generate extensive virtual test databases, in real-
time, across a wide range of composite laminate configurations. This capability provides a comprehensive
and efficient tool for analyzing and optimizing composite performance while substantially reducing both
experimental and computational costs. Furthermore, to enhance usability for engineers and researchers, this
multiparametric solution has been integrated into a user-friendly Graphical User Interface (GUI) application.
This GUI empowers users to easily explore various laminate configurations, visualize results, and conduct
virtual testing, establishing the framework as a powerful tool for real-time virtual testing and in-depth analysis
of microstructural effects on composite materials.

1. Introduction of several types of composite offering distinct characteristics depending
on industry needs, such as fiber- and woven-reinforced composites with
thermoplastic or thermoset polymer matrix, etc [6,7].

Despite their numerous advantages, the widespread application of

composite materials has been impeded by the complexities involved

Composite has become an indispensable material in structural ap-
plications where light-weight and high-strength is expected, like it
is often the case in aeronautics, automotive and other transportation
industries [1]. This demand has increased with the growing sustain-

able trends of electric and hydrogen vehicles, which aim at reducing
the environmental impact induced by CO, emissions [2]. Beside this,
various innovative solutions, and new recycling technologies (thermal,
chemical, and mechanical recycling) have been developed to give these
materials a new life once they have been discarded [3-5]. These
advancements not only enhance the value of recycled composites but
also reduce the cost of extracting new raw materials and minimize the
environmental burden associated with material waste, whether through
incineration or environmental dispersion. Moreover, advances in com-
posites manufacturing and process design have led to the emergence

in understanding and predicting their overall mechanical behavior.
To address these challenges, extensive scientific research has been
conducted utilizing both numerical and experimental methods. Mul-
tiscale approaches have proven particularly effective in analyzing the
microstructural heterogeneities of composites, enabling researchers to
understand the mechanisms and phenomena that occur across different
scales, from micro- to macro-scale [8]. Basically, two approaches can
be distinguished. Those based on Eshelby’s equivalent inclusion theory,
known as mean-field approaches, such as the Mori-Tanaka scheme,
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self-consistent or other extended computational approaches [9-12].
Other so-called full-field approaches, where homogenization is per-
formed using Finite Volumes, Boundary Elements, Finite Elements or
Fast Fourier Transform, etc [13-18]. The latter generally provide more
robust macroscopic stress—strain predictions for composites than mean-
field approaches. Indeed, using it often requires huge computing re-
sources, which hampers real-time decision-making and heightens the
complexity of the design and optimization processes.

Moreover, the computational challenges in understanding compos-
ite materials are significantly amplified by the multitude of factors
involved, including microstructural morphology, material properties,
manufacturing processes, and service conditions. In this context, exten-
sive research has shown that environmental factors, including tempera-
ture fluctuations, water uptake and chemical aging, can have an impact
on the mechanical and physical properties of composites [19-22].
Similarly, other studies have emphasized the influence of parameters
like pressure, layer thickness, and strong hydrogen interactions on
the performance and safety of composite tanks [23,24]. Furthermore,
several studies have illustrated how microstructural architecture and
the characteristics of composite constituents affect the macroscopic
response of these materials [25,26]. A comprehensive understanding
of the factors influencing composite materials is essential for advancing
their applications across various industries. While multiscale modeling
using the finite element method is a valuable tool for this purpose,
it presents significant challenges due to its high computational cost.
This challenge becomes even more pronounced in scenarios where
simulations need to be repeated for varying parameter values, leading
in a significant increase in computational cost. Additionally, the com-
posites industry increasingly demands rapid and accurate predictions of
composite structure’s responses for effective real-time monitoring and
decision-making. To meet this critical need, various Model Order Re-
duction (MOR) techniques and Machine Learning algorithms (ML) [27,
28] have been developed to create meta-models and multiparametric
solutions. These innovative approaches enable, on-the-fly, predictions
of composite behavior as parameters are adjusted.

The Proper Generalized Decomposition (PGD) method and partic-
ularly its non-intrusive variant, has been successfully employed across
various scientific and engineering domains as a MOR technique. By sep-
arating variables such as space, time, loading conditions, material prop-
erties, or morphologic parameters, PGD creates computational vade-
mecums and virtual charts that enable the optimization and real-time
simulation of complex problems [27,29]. This approach facilitates the
industry’s transition to digital, virtual and hybrid twin paradigms [30].
PGD has proven effective in a variety of parameterized applications,
including composite materials [31,32], welding processes [33], vehi-
cle crash analysis [34], or electromagnetic field simulations [35,36].
Meanwhile, Machine learning (ML) and deep learning (DL) techniques
have become powerful tools for analyzing, modeling, optimizing, and
monitoring composite structures [37-39]. These methods demonstrate
great potential in addressing the complexities of multiscale and mul-
tiparametric modeling [40]. In fact, ML has significantly reduced the
computational costs associated with multiscale simulations, such as
FE2 by developing Artificial Neural Network (ANN)-based surrogate
models. These models effectively replace traditional finite element (FE)
calculations at the microscopic scale, offering more efficient multiscale
simulations [41-45]. This is further advanced by the development
of physics-based machine learning models, that ensure adherence to
fundamental physical and thermodynamic laws, thereby improving
the models’ predictive capabilities [46,47]. On the other hand, ML-
based models have also proven valuable in developing multiparametric
solutions for composites, taking into account a wide range of fac-
tors, including material composition, manufacturing parameters, and
environmental conditions [48-50].

Recently, a multiparametric solution was developed in [32], em-
ploying non-intrusive PGD methods to evaluate the macroscopic elastic
properties of woven reinforcement composites in a quasi-instantaneous

manner. This solution takes into account various microstructural pa-
rameters, including weave architecture, microstructural morphology,
and matrix/fiber material properties. In related research work [51],
non-intrusive PGD was applied to interpolate the strain—stress curves
for viscoelastic—viscoplastic behavior of composites at a fixed woven
laminate orientation. In this work, we extend the parametric solution
to predict the nonlinear stress—strain behavior of woven composites by
incorporating microstructural parameters and fabric orientation into
a framework that integrates machine learning and MOR techniques.
The methodology employs Proper Orthogonal Decomposition (POD) to
decompose the stress—strain curves, extracting principal features that
effectively characterize the material’s response. A machine learning
algorithm is then implemented to interpolate these features across the
microstructural parameter space, providing a more efficient alternative
to direct curve interpolation. To this end, virtual tests were precom-
puted for various microstructures and laminate configurations during
an offline stage, using a nonlinear multiscale model that incorporates
anisotropic damage in the yarns and an elasto-plastic behavior for
the matrix, as detailed in [52-54]. This approach facilitates a fast
examination of how microstructure and the woven fabric orientation
affect the macroscopic nonlinear behavior of composites, simplifying
the optimization process for composite structures. Additionally, the
framework significantly reduces costs by minimizing the reliance on
experimental testing and traditional numerical simulations when vari-
ations in the composite microstructure occur. The solution developed
in this work is tested and validated on a laminated composite with a
polyamide 66 matrix and a 2/2 twill weave reinforcement architecture.

The remainder of the paper is organized as follows: In Section 2,
we introduce the parametric representation of the problem, which
includes the microstructure morphology, the woven fabric orientation,
and the loading conditions. In Section 3, we provide an overview of the
nonlinear multiscale modeling approach, as well as local constitutive
models that are utilized for both yarns and matrix materials, with more
detailed descriptions available in Appendix. This section also presents
the results of virtual testing, featuring stress-strain curves for four
distinct laminate configurations and a comparative analysis with exper-
imental data. Section 4 outlines the framework that integrates Model
Order Reduction (MOR) and Machine Learning techniques. Finally, the
last section discusses the results, demonstrating the accuracy and ro-
bustness of the proposed methodology. Additionally, a GUI application
designed to facilitate the visualization of the parametric solution is
presented, along with concluding remarks.

2. Parametric non-linear homogenized response for woven com-
posites

Although FE-based multiscale models can be utilized in conjunction
with the FE?> method [55-57] for structural analyses, such a numerical
process remains, in practice, poorly attractive in the context of indus-
trial applications, due to the considerable computational resources it
requires. Alternatively, one can consider multiscale models to generate
in the first place a batch of virtual tests, that can be employed after-
wards to identify macro-phenomenological models [58-61]. Those are
much less computationally demanding, but in return, may require a
certain amount of experimental data for their identification. Besides
being costly to obtain, these experimental data are only valid for
one single microstructure configuration. Therefore, using a multiscale
model to perform these virtual tests becomes a sound compromise. Of
course, this can be done for any set of microstructural parameters.
However, depending on the number of considered parameters as well
as the number of necessary virtual tests to perform, this still requires a
certain computational resource which remains practically inconvenient
in industrial applications. In this context, an approximated solution
containing all the particular solutions for any set of microstructural
parameters would be a valuable asset towards real-time virtual test
predictions. It will also provides a comprehensive understanding of
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Fig. 1. Parametric representation of woven composite microstructure (Unit-cell) and examples of resulting microstructures due to geometric changes. (a) The unit cell geometry
parameters: the weft yarn width a,, the warp yarn width a,, the fabric thickness 4 and the gap between two adjacent yarns c. (b) Examples of automatically generated unit-cell
meshes, illustrating yarn configurations and complete unit cells for different sets of microstructural parameters. The unit cell on the left represents the reference parameter set (cf.,

Table 1).

the microstructure impact on composite response, making it easier
to optimize composite structures and achieve the desired mechanical
performance. These possibilities arise from the online evaluation of the
macroscopic response, almost in real-time, for any set of parameters.
In the case of woven composite materials, the architecture of the
reinforcement specifically, the fabric geometry and the properties of
its constituent phases, plays a crucial role in determining macroscopic
behavior. To this end, the present study develops a multiparametric
solution to capture and account for the effects of these parameters.

2.1. Parametric representation of the solution

This work focuses on the analysis of symmetrical and balanced
laminated composites reinforced with a 2/2 twill weave architecture
embedded into a polymer matrix. The characteristics and properties
of the composite are described using a Unit Cell (UC), as illustrated
in Fig. 1(a). The unit cell domain, denoted as B, consists of three
distinct phases: the matrix phase, labeled as B, and the weft and warp
yarn phases, represented by the subdomains %, and B,, respectively.
Fig. 1(a), illustrates the geometry of the 2/2 twill microstructure,
modeled by assuming an elliptical shape for the yarns. This geometry
can be characterized using four independent parameters: the weft yarn
width a,, warp yarn width a,, fabric thickness 4, and the gap ¢ between
yarns. Both the weft and warp yarns share the same thickness, which
is equal to half the total fabric thickness #, and the gap ¢ is assumed
to be uniform for both sets of yarns.

As illustrated in Fig. 2, the symmetrical and balanced laminated
composite [+0], is oriented at an angle 6 with respect to the loading
axis X. This angle 6 serves as the fifth parameter of the problem,
alongside the four geometrical parameters mentioned above. Together,
these parameters define a 5-dimensional parameter space, represented
by the vector p = {p, p, p; ps ps}' containing all the previously
mentioned quantities. The components of p are listed in Table 1, along
with their respective value ranges. These ranges cover a wide spectrum
of laminated composite configurations that can be found in industry.
Furthermore, a reference set of parameters for which experimental data
is available from previous studies [54,62] is also provided in Table 1.

The meta-modeling framework developed in this study is designed
to predict the macroscopic strain resulting from an applied macroscopic

stress during a uniaxial load—unload test, while varying the charac-
teristics of composite laminate. The schematic representation of this
simulation is illustrated in Fig. 3, where the material is subjected to a
cyclic triangular stress signal (Load-Unload test) under progressively
increasing amplitudes corresponding to 25%, 50%, 75%, and 100% of
the maximum stress o,,,,. The maximum stress depends on the woven
fabric orientation in the laminate (). For example, when 6 = 0°, the
maximum stress 6, is 400 MPa, whereas for § = 45°, ¢, drops
to 100 MPa. This is visually depicted in Fig. 3(a), providing a 3D
representation of the applied stress-time curve as a function of the
angle 6. Alternatively, Fig. 3(b) offers a 2D representation showing the
applied macroscopic stress-time for specific examples of laminates for
instance [+0°], and [+45°];.

To effectively train and evaluate the developed framework, a dataset
comprising 870 samples is generated, which is then split into two
parts: 80% for training and 20% for testing. Each input vector in the
dataset, denoted as (p) is associated with an output vector (s) that
represents the macroscopic strain-time curve. The dataset generation
process begins with the automatic creation and meshing of unit cell,
guided by predefined parameters and their respective ranges. Examples
of unit cells are illustrated in Fig. 1(b) that includes the reference
microstructure used for the experimental results. This meshing process
is performed through Python scripts developed specifically within the
TexGen framework [63,64]. The resulting mesh consisted of first-order
tetrahedral elements (C3D4), chosen for their balance of accuracy and
computational efficiency. Although the meshing process was largely
automated, particular attention was required for unit cells with com-
plex geometries. Specifically, challenges were encountered in regions
where the gap between adjacent yarns was very small. To address
this, additional care was taken to refine the mesh in these areas,
ensuring high mesh quality and avoiding irregularities that could in-
duce singularities. Each simulation was performed using the Arts et
Métiers High-Performance Computing Center, Cassiopee. The CPU time
for individual simulations ranged from 2500 to 3500 seconds. The total
CPU time required for all simulations used for training and testing
amounted to approximately 25.10° seconds. However, as many sim-
ulations were executed in parallel, the computational time required for
dataset generation was significantly reduced. Following the generation
of unit cells, local constitutive models are assigned to each phase and



Fig. 2. Symmetric and balanced laminate composite [+6], subjected to axial loading test.

Table 1

Microstructural parameters for 2-2 twill weave composites. Each one of them ranging from a minimum
value to a maximum value. These ranges defines a 5-dimensional parametric space that covers a wide
spectrum of possible laminates with 2-2 twill weave microstructures. A reference set of parameters for
which experimental data are available from previous works [54,62] is also provided.

Parameter  Description Ref. value Min. value  Max. value  Unit
2 Weft yarns width g, 3.46 0.8 4.5 mm
P Warp yarns width a, 3.46 0.8 4.5 mm
P3 Fabric thickness h 0.45 0.2 0.6 mm
Dy Gap between two adjacent yarns ¢ 0.29 0.3 0.6 mm
Ps Orientation 0/15/30/45 0 90 deg [°]
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(b) Stress-time loading path applied to the
[£0°], and [+45°], laminates.

Fig. 3. Applied macroscopic stress 6,,(0,7) on a [+6°], laminate during loading-unloading test.

a nonlinear periodic homogenization approach is applied to accurately
capture the macroscopic strain for an applied macroscopic stress.

3. Multiscale modeling approach and local constitutive laws
3.1. Non-linear periodic homogenization

Periodic homogenization, as a multiscale modeling approach, es-
tablishes a bridge between the microscopic and macroscopic scales
of materials that account for the separation of scales [65-67]. This
connection is typically defined by averaging the microscopic stress and
strain over the entire unit cell domain ‘B as follows:

) = % /% o(x, 1) dV, (1a)

and

=1L
£(t) = v /%e(x, 1) dv,

where V' denotes the volume of the unit-cell.

In this multiscale approach, considering the periodicity of the UC,
periodic boundary conditions are imposed [68,69]. As a result, the
displacement field u within the unit cell can be expressed in Eq. (2).
This equation comprises an affine part £ - x, a periodic fluctuation &
and an eventual rigid body motion u:

(1b)

u(x, 1) =€() - x + i(x, 1) + uy(), Vx € B. 2

where @ takes same values (i(x,,1) = @i(x_, 1)) at each pair of opposite
points x, and x_ lying on the unit cell borders 0%8. Based on the
aforementioned equations, the Periodic Boundary Conditions (PBCs)
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Fig. 4. Schematic representation of yarn damage law.

can be defined as follows:

u(x,,t)—u(x_,t) =€) (x, —x_), Vx,,x_ € 0B. 3)

To solve the macroscopic stress-strain response for a given loading
path, in this case, for a macroscopic stress loading path, the local
equilibrium equations, along with periodic boundary conditions (PBCs)
and scale transition relationships, are applied. This is typically achieved
through finite element simulations using a formalism that associates the
dual forces with the constraint drivers as proposed in [62,70-72].

3.2. Local constitutive models

In this study, two constitutive models are employed to charac-
terize the behavior of both the yarns and the matrix material. This
section provides a brief overview of these models, while further de-
tails, including the constitutive equations, are available in Appendix.
The matrix phase consists of PA66 polymer, which is known for its
distinctive yielding characteristics, encompassing both viscoelastic and
viscoplastic behavior. In this work, the matrix behavior is idealized
and modeled using a classical elastoplastic constitutive framework that
includes isotropic hardening, as outlined by [73-75]. The material pa-
rameters for the matrix, were identified using established elastoplastic
modeling techniques [74] and experimental data from monotonic tests
reported in previous research [53,62]. These parameters are summa-
rized in Table A.3. Fig. 5(a) illustrates a strong agreement between the
experimental monotonic response of the PA66 matrix and the model
predictions under a strain of 8%. It is important to note that the
experimental test was conducted at a low strain rate of ¢ = 8.107*
s~! to mitigate viscous and rate-dependent effects (viscoelastic and
viscoplastic), ensuring a focus on the material’s elastoplastic behav-
ior. The yarns, in contrast, consist of continuous reinforcement, i.e.,
long fibers, embedded in the matrix. At the scale of interest, such
a composite typically exhibits a linear elastic response up to brittle
failure in the longitudinal direction. However, the transverse response
and/or in-plane shear, display progressive damage and inelastic behav-
ior due to the diffuse growth of micro-cracks. These cracks originate at
the fiber/matrix interfaces through debonding and propagate through
coalescence. The behavior of the yarns is modeled using a hybrid
micromechanical-phenomenological constitutive framework, as devel-
oped in [52,62], and schematically illustrated in Fig. 4, with the main
constitutive equations provided in Appendix A.2.

Unlike the matrix, mechanical testing on the yarns cannot be per-
formed directly, as they cannot be isolated from the woven composite.
Therefore, the parameters for the yarns are identified indirectly through
reverse engineering techniques, based on the macroscopic response
of the entire woven composite, as outlined by [76,77] for the refer-
ence microstructure (see Table 1). Figs. 5(b)-5(d) show the associated
longitudinal, transverse and in-plane shear predicted responses of the
yarns, respectively. The identified parameters for the yarn model are
summarized in Table A.4.

3.3. Virtual testing on [+6]; laminates

Woven composites are generally characterized from tensile tests on
[+0], laminates, as depicted in Fig. 2. Such a symmetric and balanced

laminate configuration conveniently results in vanishing tension/in-
plane shear and tension/curvature couplings. Thus, a [+6]; laminate
loaded with an axial stress o, only responds in terms of axial and
transverse strain, e,, and g, respectively. Furthermore, cyclic tests
with increasing stress levels are usually performed to highlight the
gradual apparent stiffness reduction due to damage as well as the
increase in inelastic strain at the scale of the whole composite. Such
data are then useful for the identification of macro-phenomenological
models of the whole woven composite [58-61] that are more practical
in the context of industrial applications.

Figs. 6(a), 6(b), 6(c) and 6(d) show, in the case of the reference mi-
crostructural parameters, the comparison between the experimentally
recorded laminate response and the one computed with the multiscale
model for [+0°], [+15°], [+30°], and [+45°], laminates, respectively.

Note that, on the one hand, the responses with the [+0°]; and
[+45°], laminates were used for the identification of the yarns param-
eters, (cf., Table A.4), for which very good agreements were achieved.
On the other hand, the responses with the [+15°]; and [+30°], laminates
were kept for validation, which is rather satisfying.

One can notice that the response of the [+0°]; laminate, shown in
Fig. 6(a), is nearly linear. Indeed, in this case, most of the macroscopic
stress is carried by the weft yarns in their longitudinal direction for
which they elastically behave with an important stiffness. Besides the
matrix, a minor part of the macroscopic stress is also carried by the
warp yarns in their transverse direction, resulting in a rather low micro-
cracks occurrence. In the case of the [+45°]; laminate, the overall
response of the composite, shown in Fig. 6(d), exhibits much more
degradation and inelastic deformations.

4. Model order reduction and machine learning

Model Order Reduction (MOR) is a branch of computational science
focused on reducing the computational cost associated with simulating
or analyzing complex models. This achieves by creating simplified
versions, or reduced-order models, that accurately capture the system’s
dynamics. This approach facilitates faster simulations, optimization,
and control design without significant loss of fidelity. MOR is par-
ticularly advantageous for high-dimensional or parametric systems,
commonly encountered in engineering and scientific applications. For
an extensive overview of state-of-the-art MOR techniques, the reader is
referred to the works of [78-80]. In this context, we revisit a general
procedure for constructing parametric surrogate model of macroscopic
stress—strain curves.

Let us consider the dataset at hand, which consists of input param-
eters p = {p;}4=1.. v and their corresponding output curves s(z; p),
as previously described and illustrated later in Fig. 8. Each curve
represents the macroscopic response of the laminated composite with
different types of reinforcement, characterized by the parameters p.
Thus, each data point can be viewed as a snapshot (p;, s(t; p;)), where
i =1,2,...,n,, representing the specific combination of input parame-
ters and the resulting output curve. Here the solution s(z; p) is typically
obtained via finite element analysis, however different sources of data
may also be incorporated.

Before building a regression model to approximate the curve in the
parametric space, dimensionality reduction techniques such as Princi-
pal Component Analysis (PCA) or Proper Orthogonal Decomposition
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Fig. 6. Comparison of experimental and finite element-based periodic homogenization results for the macroscopic response of laminate composites that have the same reinforcement
(Reference microstructure in Table 1) according to different woven fabric orientations: [+0°],, [+15°],, [+30°],, and [+45°],.

(POD) are applied directly to the output curves s(f; p;) to extract the
dominant modes of variability. This allows us to represent the curve
using a limited number of coefficients and modes, which effectively
capture the essential features of the output curves, rather than consid-
ering all data points along the curve. To achieve this, reduced basis
functions ¢, (7) are constructed. These functions are utilized to develop
a surrogate model §(z, p), which approximates the output curves s(; p;)
based on the inputs p; and the time . Therefore, we can write the

equation as:

M
§t.p) =Y 4P, 1), )
j=1
where 4;(p) are the coefficients of the surrogate model, which may
depend on the inputs p.
Instead of approximating all points on the curve s(z; p). the surrogate
model can now be designed specifically to estimate the coefficients



4;(p). The full curve can then be efficiently reconstructed using the
previously defined POD basis functions. To achieve this, the regression
algorithm is trained on the dataset to establish a relationship be-
tween the input parameters and their corresponding output coefficients.
In this context, numerous machine learning algorithms are available
in the literature for constructing such regression functions. For ex-
ample, linear regression is the most basic technique, which assumes
a linear relationship between the input and variables. In contrast,
polynomial regression extends this concept by considering polynomial
relationships. Regularized regression methods are also widely recog-
nized such as Ridge regression or Lasso regression. Ridge regressions,
or L?-regularization, introduces a penalty term in linear regression
to prevent overfitting. In contrast, Lasso regression, known for its
L'-regularization, introducing a penalty that can shrink some coeffi-
cients to zero, resulting in sparse models. For polynomial regression
approaches, further insights can be found in works discussing linear
and regularized regression techniques [81]. The literature also presents
a variety of other regression techniques. For example, Support Vector
Regression (SVR) adapts the concepts of Support Vector Machines
(SVMs) to handle regression problems by identifying a hyperplane that
optimally represents the data [82]. Additionally, decision trees can be
utilized for regression by dividing the data into smaller groups and
predicting outcomes based on the average target value within each
group [83]. Furthermore, Random Forest regression, which is an en-
semble learning approach, improves prediction accuracy and mitigates
overfitting by combining the results of multiple decision trees [84].
In the context of polynomial regressions, innovative strategies based
on Proper Generalized Decomposition (PGD) can also be employed
to tackle the challenges associated with high-dimensional parametric
problems [85-87]. In particular, in the context of parametric curves
metamodelling many advances have been proposed employing the
sPGD gaining a growing interest in different fields of engineering [88],
such as automotive crashworthiness and lightweight optimization [89],
electric batteries design [90,91], or manufacturing processes [92].
Moreover, manifold-based interpolation techniques, such as those using
the Grassmann manifolds, are particularly useful for approximating
data in high-dimensional spaces, providing an effective approach to
complex parametric modeling [93,94]. Finally, deep learning tech-
niques [95], particularly Artificial Neural Networks (ANNSs), can be
used for regression tasks by effectively capturing complex relationships
between input and output variables.

4.1. POD-based modes extraction

Given the training output curves {si(t)}:';l, forteT = {tj};":l, a
matrix of snapshots can be constructed as follows:
S=[s; s ... s,,x] € R, 5)

where each column vector s; € R"* contains the values of s(r) sampled
at the discrete time points in 7.

To reduce the dimensionality of this snapshots matrix, we apply a
truncated POD of rank r, yielding the following approximate:

S~ UzVT (6)

where U € R"*") ¥ € R™, V € R"*". From this decomposition, we
define the matrices of POD modes and corresponding coefficients:

®:=U=[p, ¢, ). A=VZ=[1 1 .. i]. @

The matrix @, composed of columns ¢;(r), contains the reduced POD
basis functions {o:OY_,, while A holds the projection coefficients
for the reduced basis. A generic curve s, () belonging to the training
dataset, indexed by k = 1,...,n, and evaluated at times r € T, can be

approximated in reduced form as:

00 = Y b0 ®

i=1

and its discrete representation is given by:
s = 4,07, 9)

where A, refers to the kth row of the matrix A.

Let us consider now a parametric curve depending on N features
p € Q, that is s(t; p), for t € T. From Eq. (8) it is clear that, once the
reduced basis matrix @ available, such function is projected over this
basis only through the POD (parametric) coefficients {(L@Y_:

.

SO p) =Y, AP, 0). 10)
i=1

This formulation indicates that a reduced-order parametric metamodel

can be built using only the set of coefficients 4;(p)_,. Specifically, the

following parametric function can be constructed:

s;(p)=[4(P)  A(p) L(P)]T PQCRIS R, (1D
4.2. Random forest regression

Random Forest is a popular machine learning method that improves
prediction accuracy and reduces overfitting by combining multiple
decision trees. It is widely applied in regression tasks due to its ability
to model nonlinear relationships. As shown in Fig. 7, the Random Forest
regression process involves several key steps. First, the input training
data is divided into multiple subsets using bootstrap sampling, promot-
ing diversity in the training phase. Each decision tree is then trained
on a unique bootstrapped dataset, with random feature selection at
each split to minimize tree correlation and enhance generalization. The
model comprises multiple independent decision trees, each generating
predictions. These predictions are aggregated, typically by averaging,
to produce the final output. This workflow, combining bootstrap sam-
pling, random feature selection, and prediction aggregation, underpins
the strength and versatility of Random Forest. For further details, refer
to [84].

5. Results and discussion

After generating and preprocessing the dataset, which includes
input parameters such as the microstructural morphology and fiber
orientation of the woven composite laminate, as well as the correspond-
ing macroscopic stress—strain curves, a surrogate model is developed.
This model integrates model order reduction with machine learning
techniques, as described in the previous section. The combination of
these methods led to several key findings which are discussed in the
following.

Figs. 8(a) and 8(b) provide an overview of the macroscopic strain—
time curves and their corresponding stress—strain responses for 100
randomly selected samples from the entire dataset. The strain—time plot
in Fig. 8(a) highlights the variability in strain evolution across different
samples, capturing the range of behaviors present in both the training
and test data. The overlapping curves showcase the differences in strain
response that can arise from varying microstructural geometries and
orientations, underscoring the need for accurate modeling and predic-
tion using the Random Forest and POD-based approaches presented in
this study.

The stress—strain plot in Fig. 8(b) further illustrates how the stress
response varies as a function of strain across these samples. How-
ever, for the purpose of model prediction, it is sufficient to focus on
the strain-time curves, as these curves directly capture the effects of
different microstructural configurations.

5.1. Proper orthogonal decomposition

Fig. 9(a) shows the singular values and the cumulative explained
variance for the truncated Proper Orthogonal Decomposition (POD).
The singular values (black line) indicate the relative importance of
each mode, while the cumulative explained variance (blue dashed line)
shows the percentage of total variance captured as a function of the
number of retained modes. The shaded gray region highlights the first
five modes, which have been retained for further analysis, providing a
balance between model complexity and accuracy.
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Fig. 9. Singular values, cumulative explained variance and modes for the truncated POD.

Fig. 9(b) gives the temporal evolution of the first 5 Proper Orthog-
onal Decomposition (POD) modes (¢;) as a function of time (). Each
curve represents a distinct mode, illustrating the most significant pat-
terns of variability captured by the POD in the dataset. The legend in-
dicates the mode index (i) for each plotted mode. Fig. 10 illustrates the
comparison between the original and POD-reconstructed macroscopic
strain-time curves for test datasets, across various microstructural ge-
ometries and woven fabric orientations. The close alignment between
the original and reconstructed curves for the test dataset indicates that

the POD approach has successfully captured the underlying variability
and dynamics of the strain response, even for complex microstructures.
This high degree of accuracy in the reconstructions demonstrates the
effectiveness of the POD-based dimensionality reduction, ensuring that
the essential features of the strain-time relationship are preserved while
significantly reducing the complexity of the dataset. However, it is
important to emphasize that our training process relies on a dataset
consisting of four load-unload paths. Consequently, the proposed de-
composition is specifically valid for such loading paths. To extend this
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approach to loading paths with varying profiles, techniques such as
clustering, classification algorithms, or data alignment strategies could
be integrated into the workflow, as suggested in [88].

5.2. Machine learning model

Fig. 11 compares the true values of the coefficients 4, ..., 45 with
those predicted by the Random Forest model for both the training
and test datasets. The scatter plots illustrate the model’s capability to
approximate the target values, where points closer to the diagonal line
represent better predictive accuracy.

Fig. 12 shows a histogram of the relative L, norm errors between
the true and predicted values for the test dataset. The relative errors re-
main consistently below 0.15, demonstrating that the model achieves a
good level of accuracy across different test samples. The distribution is
left-skewed, indicating that most of the errors are concentrated towards
lower values, with only a few instances where the error is relatively
higher. This skewness suggests that the model is generally reliable, with
occasional challenges in replicating more complex behavior for some
samples.

The Fig. 13 illustrates the accuracy of the predictive model by
comparing the actual strain-time curves (blue solid lines) against the

predicted ones (red dashed lines) for six randomly chosen samples
from the test dataset. The close alignment between the actual and
predicted curves across varying time intervals indicates that the model
is capable of capturing the underlying dynamics of the strain evolution
with high precision. These results validate the model’s generalization
ability and its robustness in reconstructing strain behavior for unseen
microstructural configurations.

To further illustrate the performance of the surrogate model, Fig. 14
presents a comparison of the true and predicted stress—strain curves
generated by the developed framework. This comparison includes four
randomly selected samples from the test dataset, each simulated at
three different woven fabric orientations, as detailed in Table 2. The
Figure demonstrates a close alignment between the actual and pre-
dicted curves across various configurations of composite laminates.
These results confirm the model’s generalization ability and robust-
ness in accurately reconstructing macroscopic stress-strain curves for
unseen configuration of laminates. Although the model demonstrates
a high level of accuracy and computational efficiency, further en-
hancements could be explored through the application of non-intrusive
PGD techniques or advanced artificial neural network architectures to
improve its performance and generalizability.
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Table 2

Microstructural parameter values for four randomly selected microstructures from the test dataset of 2/2
twill weave composites, each evaluated at three distinct fabric orientations.

Symbol Parameter M, M, M, M,

P a; [mm] 3.223 2.65 1.028 3.803

P a, [mm] 3.704 0.8 4.370 1.422

D3 h [mm] 0.346 0.4 0.264 0.556

Dy ¢ [mm] 0.393 0.3 0.341 0.395

s 0 deg [°] 0.0/30.0/35.0 60.0/67.5/90.0 15.0/50.0/60.0 40.0/45.0/55.0

5.3. Graphical user interface application:

To enable user-friendly interaction with this surrogate model, a
Graphical User Interface (GUI) has been developed using MATLAB App
Designer, as illustrated in Fig. 15. This application allows designers
and engineers to deduce, instantaneously, the macroscopic strain—stress
curves of woven composite for any specified set of microstructural pa-
rameters. Users can easily modify these parameters through adjustable
sliders, accessible via both desktop and mobile applications, thereby
eliminating the need for complex microstructure generation and finite
element (FE) computations. Such a tool allows hence assessing in real-
time the influence of the input parameters on the overall composite
behavior. It can be also employed as a decision-making tool towards
optimal material selection.

6. Conclusions and perspectives

In this paper, a surrogate model has been developed by combining
model order reduction and machine learning techniques to enable
real-time virtual testing of symmetric and balanced laminate thermo-
plastic composites, reinforced with a 2/2 twill weave architecture.
The model is specifically designed to capture the inelastic behavior
of these composites under load-unload conditions, with a particular
emphasis on stiffness degradation due to yarn damage. The key mi-
crostructural parameters considered in the model include the width
of the weft and warp yarns, fabric thickness, gaps between adjacent
yarns, and the woven fabric orientation. The primary advantage of
this approach is its ability to eliminate the need for repetitive mi-
crostructure generation or finite element simulations when assessing, in
nonlinear regime, new laminates: different microstructural parameters
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and woven fabric plies orientation. This enhances computational effi-
ciency and accelerates the design process of thermoplastic composite
materials in various engineering applications. The model’s predictive
accuracy is validated against stress—strain curves generated from finite
element based on periodic homogenization across a wide range of
microstructural configurations.

Despite its strengths, this study has certain limitations. The current
model parameterizes only the geometry of the 2/2 twill weave and is
constrained to a predefined loading path. This means that while it is
effective for analyzing loading and unloading conditions under specific
stress states, it does not account for alternative loading scenarios, such
as cyclic loading or more complex loading paths with varying stress
or strain values. These limitations restrict the potential of the model
for virtual real-time testing of woven composites, particularly when
dealing with diverse and dynamic loading conditions. To overcome
these limitations, future work could extend the model by incorporating
the loading path as an additional parameter within the surrogate model.
This will enable the exploration of more complex interactions between
microstructure and different loading conditions.
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Appendix. Local constitutive equations of woven composite
phases

A.1. Local constitutive model for the matrix

The state laws for the matrix sub-domain, ie., Vx € 9B, are based
on the following form of the Helmholtz free energy density:

P
¥(e,€,,p) = %(5 —£,) 1 C, 1 (e—¢y) +/0 R(©) d¢, (A1)

in which the total strain & acts as external state variable, while the
plastic strain €, and the equivalent plastic strain p act as internal state
variables. Based on thermodynamics considerations [74], it yields for
the stress:

oo

—=(Ce:(e—ep),

=5 (A.2)

Table A.3
Parameters of the elasto-plastic model identified for PA66 matrix.

Feature Parameter Value Unit
Young’s modulus E 2 074 MPa
Poisson’s ratio (standard value) v 0.3 -
Yield threshold o, 14 MPa
Hardening parameters 0, 30 MPa
b 160 -
0, 260 MPa

with the following conjugate variables:

b4 v d
=5 R=— =R().
€, dp

- (A.3)
In the above equations, C, stands for fourth order stiffness tensors
classically defined for bulk isotropic materials by the Young’s modulus
E and the Poisson’s ratio v. Additionally, R(¢) depicts the hardening
function, which is expressed as an exponential linear function in the
present case:

R(p) = O (1 - exp(~bp)) + O>p,

where Q;, b and Q, are hardening parameters.
Following the formalism of associative plasticity, the evolution of

the internal state variables p and ¢, is obtained by the normality rule

of the yield function f(c, R), which also activate the plastic multiplier

4 through the Kuhn-Tucker conditions:

<0, i=0

=0, i>0 "’

(A.4)

f(6.R) = eq(0) - R(p) — 0, < 0 { (A.5)
where eq(¢) and o, denotes the equivalent von Mises stress and the
initial yield threshold. Therefore, it yields for the evolution laws:

of of

p=—— =] ¢ = ]= A(6)p A.

p=—FgA=A g =5-4=A0)p (A.6)

where A(o) stands for the plastic strain flow, given by:

Alo) = 22ev©) A7)
2 eq(o)

The parameters of the matrix have been identified and the obtained
results are listed in Table A.3.

A.2. Local constitutive model for the yarns

For the yarns sub-domains, ie., Vx € B, UB,, the state laws derive
from the following form of the Helmholtz free energy density:

V(e £5,7,) = %(e —£) 1 [Co—D(r)] : (e —&y), (A.8)

where the total strain € acts as external state variable. As shown in
Fig. 4, a micromechanical description of a RVE containing a micro-
cracks density y, is utilized to define an anisotropic damage fourth
order tensor D(y,) that reduces the initially transversely isotropic stift-
ness tensor C,. As a result of the micro-cracks non-closure effect,
anisotropic damage is often accompanied by apparent permanent de-
formations [96]. The latter are phenomenologically represented by
an inelastic strain tensor, denoted by ¢,. In the present formulation,
both y. and &, are regarded as internal state variables. Based on
thermodynamics considerations, it yields for the stress:

it d
o= = [Co =D : (e - £, (A.9)
and for the conjugate variables:
o= Ly (A.10)
0g; 97,

in the above equations, the damage tensor D(y,) is evaluated consid-
ering the micromechanical scheme of [97] in which micro-cracks are
idealized by quasi-flat ellipsoidal inclusions of void with zero stiffness.
Note that the micro-cracks are assumed to have their normal oriented
along the second direction X,, as depicted in Fig. 4. After proper



calculation, the damage tensor is given by:

Do) =7.Co 1 Te : Ag(re), (A.11)
with
T,=(-Sp)™", and Ay = (T+7(T, —D) ", (A.12)

where T, represents the interaction tensor of the void inclusion. The
latter is itself defined from the well known Eshelby’s tensor S [9],
which is numerically assessed [98] from the stiffness tensor of the
reference medium, namely C,, as well as the geometrical configuration
of the void inclusion, which is here identical to the one adopted in
previous works [52,54,62]. Ay(y,) stands for the strain localization
tensor which allows to express the strain and stress in the damage free
part of the material:

g9 =Ay(r,) : (€ — &), o =Cy 1 Ay(y.) : (e —€y). (A.13)

To drive the damage evolution, an Hill-like damage activation
criterion [99] is defined from the stress in the damage free part of the
material:

H.(oy) =0y :H:oy=

where H is a fourth-order tensor involving the initial damage thresholds
in pure transverse tension R,, and in pure in-plane shear R, in such a
way that the damage multiplier 4 is only activated under those loading
modes through the following Kuhn-Tucker conditions:

<0, i=0
H)—7, < o
s(Ho) y“—o{ =0, i>0

(A.14)

(A.15)

In this relationship, g(H,) denotes a damage development function
chosen as a Weibull-like function [100] in the present formulation:

<Hc B 1>+ ’
gH,) =y |1l —-exp —[T] , (A.16)
where S, f and y° are material parameters.

The evolution laws assume that damage growth and the develop-
ment of inelastic strains are coupled and simultaneously activated. Such
evolution is formulated in the context of a non-associative deformation
mechanism through the normality rule of an indicative function given
by:

F(c,Y.)=Ho)+Y,, (A17)
where H (o) represents a quadratic interaction surface:
Hy0)=Vo :F:o06=1/(a00)+(ap012)% (A.18)

in which, the fourth order tensor F involves the inelasticity parame-
ters in transverse tension and in-plane shear inelasticity, a,, and a,,
respectively. Therefore, it results the following evolution laws:

. OF ;. . _OF; _ .
7= 3 b=l &=5-0= A0 (A.19)
where A (o) stands for the inelastic strain flow:
F:o
A = . A.20
s(0) H.(0) ( )

that only has its 22 and 12 components active, due to the form of H (o)
in Eq. (A.18).

The yarns parameters are then identified from the macroscopic
response of the entire woven composite through reverse techniques
on the reference microstructure and the obtained values are listed in
Table A.4.

Data availability

Data will be made available on request.

Table A.4
Parameters of the constitutive model of the yarns identified from the macroscopic
response of the whole woven composite for the reference microstructure.

Feature Parameter Value  Unit
Transversely isotropic stiffness tensor Coun 65 822 MPa
(non-null components) onm = Copn 7041  MPa
Co,y = Co,,,y 23947 MPa
Copy 6 971 MPa
- - 8 661  MPa
Co, = %(Cozz:z =G, 8488 MPa
Pure transverse tension threshold R,, 20.0 MPa
Pure in-plane shear threshold R, 4.5 MPa
Weibull parameters S 12.3 -
p 2.75 -
re 0.025 -
Transverse tension inelasticity parameter a,, 1.5 -
In-plane shear inelasticity parameter ap, 1.0 -
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