£ y
Avrchive Ouverte - Open Repository
I ¥ .

Science Arts & Métiers (SAM)

is an open access repository that collects the work of Arts et Métiers Institute of
Technology researchers and makes it freely available over the web where possible.

This is an author-deposited version published in: https://sam.ensam.eu
Handle ID: .http://hdl.handle.net/10985/26243

To cite this version :

S.E. SEKKAL, Mohammed EL FALLAKI IDRISSI, Fodil MERAGHNI, George
CHATZIGEORGIOU, Francisco CHINESTA SORIA - Multiscale Thermodynamics-Informed
Neural Networks (MUTINN) for nonlinear structural computations of recycled thermoplastic
composites - Composites Part B: Engineering p.112455 - 2025

Arts

Any correspondence concerning this service should be sent to the repository \
et Métiers

Administrator : scienceouverte@ensam.eu



https://sam.ensam.eu
https://sam.ensam.eu
http://hdl.handle.net/10985/26243
mailto:scienceouverte@ensam.eu
https://artsetmetiers.fr/

Journal Pre-proof

Multiscale Thermodynamics-Informed Neural Networks (MuTINN) for
nonlinear structural computations of recycled thermoplastic composites

S.E. Sekkal, M. El Fallaki Idrissi, F. Meraghni, G. Chatzigeorgiou,

F. Chinesta

PII:
DOI:
Reference:

To appear in:

Received date :
Revised date :
Accepted date :

S1359-8368(25)00356-7
https://doi.org/10.1016/j.compositesb.2025.112455
JCOMB 112455

Composites Part B

21 February 2025
24 March 2025
25 March 2025

i

compossres

Part B: engineering

i
(@]e]

Sdoncadwect

Please cite this article as: S.E. Sekkal, M. El Fallaki Idrissi, F. Meraghni et al., Multiscale
Thermodynamics-Informed Neural Networks (MuTINN) for nonlinear structural computations of
recycled thermoplastic composites. Composites Part B (2025), doi:
https://doi.org/10.1016/j.compositesb.2025.112455.

This is a PDF file of an article that has undergone enhancements after acceptance, such as the
addition of a cover page and metadata, and formatting for readability, but it is not yet the definitive
version of record. This version will undergo additional copyediting, typesetting and review before it
is published in its final form, but we are providing this version to give early visibility of the article.
Please note that, during the production process, errors may be discovered which could affect the
content, and all legal disclaimers that apply to the journal pertain.

© 2025 Published by Elsevier Ltd.



https://doi.org/10.1016/j.compositesb.2025.112455
https://doi.org/10.1016/j.compositesb.2025.112455

REVISED Manuscript (revised text UNMARKED) Click here to view linked References *

Multiscale Thermodynamics-Informed Neural Networks
(MuTINN) for nonlinear structural computations of recycled
thermoplastic composites

S. E. Sekkal®P, M. El Fallaki Idrissi®¢, F. Meraghni®*, G. Chatzigeorgiou?®, F.
Chinesta®

@Arts et Métiers Institute of Technology, CNRS, Université de Lorraine, LEM3-UMR7239, J Rue
Augustin Fresnel, Metz, 57078, France
bCetim, 21 Rue de Chemnitz, Mulhouse, 68200, France
¢ESI Chair, Arts et Métiers Institute of Technology, CNRS, PIMM-UMR 8006, 151 Boulevard de
I’Hépital, Paris, 75013, France

Abstract

Fiber-reinforced thermoplastic composites are increasingly valued for their light-
weight properties, mechanical performance, and recyclability, yet the recycling pro-
cess introduces microstructural heterogeneities that degrade their mechanical behav-
ior. To address the challenges from a modeling point of view, this study proposes a
Multiscale Thermodynamics-Informed Neural Network (MuTINN) approach to pre-
dict the nonlinear, anisotropic response of recycled glass fiber-reinforced polyamide 6
composites, with the primary aim of enabling structural simulations in significantly
reduced time compared to traditional FE2 approaches. The MuTINN framework
integrates thermodynamic principles with artificial neural networks (ANNs) to cap-
ture the evolution of internal state variables and Helmholtz free energy, eliminating
the need for memory-based networks. Finite element simulations of representative
volume elements (RVEs) under diverse loading conditions are utilized to provide
off-line data for the MuTINN. The latter accurately predicts stress, strain, and en-
ergy quantities, accounting for the anisotropic and heterogeneous nature of recycled
materials. While trained using numerical simulations at 0° and 90° orientation spec-
imens, the proposed framework succesfully predicts the response for specimens with
45° orientation with error in the maximum stress level up to 1.6%. The model is im-
plemented into commercial finite element analysis (FEA) software via a Meta-UMAT
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framework, allowing efficient macroscale simulations. Validation against experimen-
tal data and finite element-based periodic homogenization confirms the framework’s
accuracy for structural computations.

Keywords: Mechanically recycled composites, Multiscale nonlinear modeling,
Microstructure generation, Artificial Neural Networks, Data-driven modeling

1. Introduction

In recent years, the growing demand for sustainable materials has driven the de-
velopment and recycling of continuous fiber reinforced thermoplastic composites [1,
2, 3, 4]. These materials, known for their favorable properties such as light weight and
high mechanical performance, are increasingly seen as critical to reducing environ-
mental impact across a wide range of industries, including automotive, aerospace, and
construction. Indeed, thermoplastic matrices, owing to their meltability compared
to non-meltable thermoset polymers, facilitate easier handling in recycling processes,
making them particularly suitable for mechanical recycling by shredding or cutting,
followed by thermocompression or injection molding processes [1, 4, 5, 6, 7, 8].

Mechanical recycling of thermoplastic composites poses significant challenges due
to microstructural changes like porosities, fiber misalignments, and voids, which de-
grade mechanical properties and limit reuse. Prior research by the authors [9, 10]
on recycled polyamide 6 glass fiber composites showed that the recycling process
severely disrupts the original woven structure, creating random strand-like compos-
ites with increased porosity and resin-rich zones. These alterations resulted in lower
mechanical performance and greater variability in material behavior compared to vir-
gin composites. Similarly, Tapper et al. [11] found that in discontinuous carbon fiber
polyamide 6 composites, fiber misalignment and breakage during high-compaction
recycling led to significant reductions in tensile stiffness and strength after just two
cycles. Other recycling techniques using long, chopped unidirectional carbon fiber
thermoplastic tapes have reported similar outcomes [4, 12, 13]. However, Kiss et
al. [3] offered a promising alternative by co-molding shredded recycled material as
a core layer between continuous fiber skins. This sandwich-like structure effectively
restored the original laminate’s flexural and impact properties, showing potential for
upcycling. Controlling processing parameters remains key to optimizing the mechan-
ical performance of these recycled composites. Understanding and predicting their
mechanical response is critical to advancing their use in a circular economy, with
numerical simulations playing a vital role in refining these approaches.

The modeling of the mechanical response of recycled composite materials, and
its link to processing and microstructural parameters, remains relatively underex-



plored. A deep understanding of the complex microstructures induced by recycling
is essential for accurate property predictions. While research on prepreg platelet
molded composites (PPMCs) and randomly oriented strand composites offers valu-
able insights, these have not been fully applied to recycled thermoplastic composites.
Harper et al. [14] introduced a geometric modeling approach to simulate random
fiber architectures in discontinuous fiber composites, facilitating effective mechan-
ical property predictions. Nachtane et al. [9] adapted this model for flexural test
simulations on recycled glass fiber composites using a meso-macro framework. Addi-
tionally, Tang et al. [15] contributed to this field by investigating the fatigue behavior
of chopped carbon fiber composites, utilizing both experimental data and numeri-
cal methods to understand their performance under cyclic loading. Kravchenko et
al. [16, 17, 18] provided further insights by conducting computational analyses on
PPMCs, with a focus on the stochastic meso-scale morphology and its influence on
tensile properties under uniaxial tension. Their study employed progressive failure
analysis to simulate tensile property distributions, demonstrating how platelet ge-
ometry contributes to variations in mechanical performance. Building on these prior
works, the authors developed a multiscale model for glass fiber composites that ac-
counts for the microstructural complexity and degradation caused by the recycling
process [10].

Traditional modeling methods have played an important role in understanding
the mechanical behavior of recycled composites. However, as microstructures become
more complex and faster design processes are needed, Al-driven approaches are being
explored to speed up and improve material predictions. The rapid growth of Artificial
Intelligence (AI), made possible by large datasets, evolving algorithms, and stronger
computational power [19, 20|, has gained a lot of attention. AI is now widely rec-
ognized for its ability to solve complex engineering challenges across various fields
[21, 22]. This shift has introduced a new phase in materials science, where data-driven
methods like Machine Learning (ML) work alongside traditional experimental, theo-
retical, and simulation-based approaches [23, 24|. For composite materials, Al tech-
niques such as machine learning and deep learning [25, 26, 27, 28, 29, 30] are increas-
ingly used together with Model Order Reduction (MOR) methods, Self-Clustering
Analysis (SCA) [31], and Proper Generalized Decomposition (PGD) [32, 33, 34].

Modeling materials with time-dependent behaviors presents significant challenges.
To address these challenges, considerable efforts are focused on developing specialized
machine learning and deep learning tools designed for the complex nature and inelas-
tic behaviors of these materials [35, 36]. One approach is Deep Material Networks
(DMN), which uses interconnected basic elements for multiscale material modeling
[36, 37, 38]. While DMNs can describe various microstructural responses in elastic



and plastic behaviors, they have difficulty with complex microstructures. Alternative
methods using Recurrent Neural Networks (RNNs) have also been developed, incor-
porating components like Long Short-Term Memory (LSTM) and Gated Recurrent
Units (GRU) [26, 27, 39, 40, 41]. These models convert input sequences into out-
put sequences for strain and stress tensors. Although RNNs can effectively predict
history-dependent behaviors without needing Internal State Variables (ISVs), they
face several issues, such as requiring a lot of training data and difficulties in gener-
alizing beyond the training dataset. A recent paper has addressed these limitations
in modeling short fiber-reinforced composites by combining recurrent neural net-
works (RNNs) and transfer learning techniques [25]. By leveraging GRU-based RNNs
trained with mean-field simulations and refined using high-fidelity full-field data, the
model achieves a balance between computational cost and prediction quality. To im-
prove stability and accuracy, researchers have introduced constraints from physics,
leading to Physics-Informed Neural Networks (PINNs), which reduce the need for
large training datasets [42, 43, 44]. Building on the PINN concept, Thermodynamics-
based Artificial Neural Networks (TANN) have been created [45, 46, 47]. One can
cite also the recent relevant work considering fracture mechanics [48]. These models
integrate thermodynamic principles into artificial neural networks (ANNSs), ensuring
consistent predictions for both training (seen) and test (unseen) datasets. TANN
models take inputs such as current stress, strain, ISVs, and strain increments, and
produce outputs like free energy, dissipation rate, and updated ISVs and stress.

Inspired by PINN and TANN aproaches, the Multiscale Thermodynamics-Infor-
med Neural Networks (MuTINN) model was developed by Idrissi et al. [49]. MuTINN
employs two sequential neural networks to establish macroscopic constitutive rela-
tionships for inelastic heterogeneous materials, integrating fundamental thermody-
namic principles. The first network captures the evolution law, while the second
delineates the state law. By defining specific internal state variables (ISVs) at the
macroscale, derived from microscale averages, MuTINN eliminates the reliance on
memory-based networks, such as RNNs. Additionally, a Meta-UMat framework has
been developed to facilitate the integration of MuTINN-based ANN models into
commercial finite element software. The effectiveness of this approach has been val-
idated through applications on woven composites exhibiting elastoplastic behavior,
showcasing exceptional performance across various loading conditions.

Building on the MuTINN framework, this work introduces key innovations to
advance the modeling of recycled thermoplastic composites, focusing on their com-
plex microstructures and mechanical behavior after recycling. The model is trained
on datasets produced by periodic homogenization simulations on RVE that has been
generated using the Random Sequential Adsorption scheme [50, 10]. The off-line anal-



ysis covers a wide range of loading conditions to ensure its accuracy in practical appli-
cations. The homogenization analysis is performed in the nonlinear regime, account-
ing for the complex microstructure of the thermoplastic-based recycled composites,
in which every phase is described in a consistent thermodynamic way. The MuTINN
model enables macroscale structural finite element analysis (FEA) for the studied
recycled composites, which inherently have a highly heterogeneous microstructure.
The advantage is that the new framework allows for accurate macroscale FEA while
accounting for microstructural effects, significantly reducing computation time and
speeding up material development.

The manuscript is organized as follows: Section 2 discusses the composite re-
cycling process, detailing the microstructural analysis and mechanical response of
recycled materials. Section 3 focuses on multiscale modeling of recycled glass fiber
reinforced polyamide 6 composites, covering the theoretical background on periodic
homogenization and the constitutive laws for strands and matrix. Section 4 defines
the quantities of interest and outlines the MuTINN model architecture. Section 5
addresses data generation, presenting results and discussions at the representative
volume element (RVE) scale, including model training and validation. Finally, Sec-
tion 6 showcases the application of MuTINN for structural finite element analysis of
recycled composites, highlighting its capacity to incorporate microstructural effects
into macroscale computations.

2. Composite recycling process, microstructure analysis, and modeling
mechanical response

2.1. Recycling process, microstructural analysis and mechanical response

The recycled composites examined in this study are produced by Cetim, a Re-
search and Technology Organization (RTO) specializing in mechanical recycling of
polymer composites. Their "Thermosaic®" modular production line converts end-
of-life components and production waste into consolidated plates via compression
molding.

The process begins with shredding the material into small chips, which are evenly
distributed for effective consolidation. The chips undergo two compression stages:
the first stage pre-heats and pre-compacts the strands at a load below 50 kN and
temperature of 240°C, which is below the resin’s fusion point. In the second stage,
the temperature and load are increased (up to 1300 kN and 300°C) to facilitate
proper matrix fusion while preventing unwanted squeeze flow. After forming, the
Thermosaic® plate is cooled and ejected from the production line.

This study focuses on recycled composites made from uniformly sized chips mea-
suring 20 x 20 x 1 mm. The original material is a PA-GF woven composite (Tepex®



Dynalite 102-RG600(x)/PA-GF /47%) supplied by Bond-Laminates GmbH, featur-
ing a fiber volume fraction of 47%. The resulting recycled plate has a thickness of 5
mm and will be referred to as RTPC (Recycled ThermoPlastic Composite).

To understand the properties and behavior of the RTPC, a detailed microstruc-
tural investigation was conducted. Figure 1 summarizes this investigation, utilizing
both non-destructive and destructive techniques. A macroscale analysis, achieved by
burning off the matrix and leaving the reinforcement intact, reveals a significantly
heterogeneous structure on the specimen’s surface. The dominant feature is a ran-
domly oriented fiber arrangement, with only a few woven fibers remaining intact.
This change is attributed to the high pressure and temperature experienced at the
mold interface, leading to the degradation of the woven fiber structure.

In addition to the macroscale findings, X-ray tomography shows that the wo-
ven structure remains intact at the center of the plate throughout its thickness, as
illustrated in Figure 1. However, several strands of fiber bundles exhibit random
orientations. Notably, some sections deviate from the original 0° and 90° yarn orien-
tations, likely due to material flow during thermocompression.

Further analysis using optical microscopy reveals that the composite microstruc-
ture can be assessed at two distinct scales: microscopic and mesoscopic. This dis-
tinction arises from the uneven matrix distribution within the material, as depicted
in Figure 1. The heterogeneity is characterized by regions rich in matrix material
and others dominated by fibers. At the mesoscopic scale, fibers display a wave-like
arrangement with a predominant in-plane orientation, while the microscopic scale
presents a more uniform microstructural morphology within the strands, where mul-
tiple fibers align similarly.

Collectively, these microstructural insights provide quantitative data for numeri-
cal simulations, enhancing the understanding of the material’s microstructure, par-
ticularly regarding volume fractions at relevant scales. At the microscale, the average
fiber ratio within a strand, denoted as vy, is measured at 75.36%. Meanwhile, at the
mesoscale, the strand ratio in the composite, calculated from a global fiber volume
fraction of 47% derived from matrix burn-off, is determined to be 62.36%. This infor-
mation is critical for the microstructure generation process that precedes multiscale
modeling.
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Figure 1: (a) In-plane microstructure of recycled material through X-ray tomography. (b) Optical
light microscopy image of the RTPC microstructure, showing observed heterogeneities that lead
to an analysis by scale separation. (c¢) Closeup view of the fiber structure on the surfaces of the
specimens after calcination of the polyamide matrix.

Understanding the microstructural characteristics of the RTPC material at all
relevant scales, it is essential for predicting their mechanical behavior. Tensile tests
conducted on specimens with various orientations revealed a notable difference in me-
chanical response between the 0° (manufacturing direction) and 90° orientations [10].
This discrepancy can be attributed to the intricate material flow within the mold dur-
ing thermocompression, which likely resulted in a greater alignment of fibers in the 0°
direction, contributing to increased stiffness. Consequently, it can be concluded that
the RTPC material does not exhibit macroscopically transversely isotropic properties
as initially anticipated, but instead shows some degree of anisotropy.

2.2. Microstructure generation and multiscale modeling of recycled composites

A multi-scale model typically relies on a Representative Volume Element (RVE)
that captures the microstructural morphology of the composite, allowing for an ob-
jective assessment of its mechanical response. The main challenge in generating a
mesoscale RVE for Recycled ThermoPlastic Composite (RTPC) in this research is



achieving the high strand volume fraction needed to accurately represent the ma-
terial’s real microstructures. To address this, the RVE is constructed periodically
across multiple layers, rather than placing inclusions directly in a 3D RVE. This ap-
proach not only ensures a more accurate representation of the microstructure but also
enables the application of periodic boundary conditions for full-field computations.
The microstructure generation algorithm follows the Random Sequential Adsorption
(RSA) approach [50, 51, 52, 53]. Strands are sequentially placed without intersec-
tions in each RVE layer, following a user-defined Orientation Distribution Function
(ODF), until the desired strand ratio is achieved.

To maintain the random structure of the RVE while ensuring periodicity by con-
struction, strands intersecting a boundary are duplicated on the opposite side, and
those in corners are duplicated across all adjacent corners. Extensive details regard-
ing the microstructure generation process can be found in [10]. Figure 2 shows three
examples of generated RVEs with 20 x 20, 30 x 20, and 40 x 20 strands. The strands
are arranged in four layers and embedded in a transparent matrix for clarity. For
the analysis conducted in this work, an RVE unit cell is comprised of multiple lay-
ers. Each RVE, measuring 100 x 100 x 5 mm?, consists of four layers. Within these
layers, strands of 20 x 20 mm are deposited until saturation (with a volume fraction
vs/c of 56%), while ensuring a defined spacing between them to prevent high stress
concentration. It is worth noting that the strand, or chip, size is a fixed parameter,
since it is determined by the material shredding process.

Tensile tests on Recycled ThermoPlastic Composite (RTPC) showed notable dif-
ferences in mechanical responses between the 0° and 90° orientations, indicating that
the material is anisotropic rather than macroscopically transversely isotropic. This
anisotropy arises from fiber alignment during thermocompression, leading to a stiffer
0° direction. To model this, a specific Orientation Distribution Function (ODF) was
applied during microstructure generation, but quantifying an ODF experimentally is
challenging. Thus, a numerical approach was used to create multiple Representative
Volume Elements (RVEs) with varying ODFs to align with experimental observa-
tions.

Initially, the strands were simplified as a unidirectional composite based on mi-
crostructural analysis. A mean-field Mori-Tanaka homogenization scheme estimated
the strand properties but resulted in overestimated mechanical responses. This dis-
crepancy is likely due to fiber damage during processing. To refine the model, a
calibration process introduced a correction coefficient accounting for the strands’
complexity and degradation. Post-calibration, Young’s and shear moduli from micro-
homogenization were reduced by 35%, aligning the values for randomly oriented
strand RVEs with experimental results. For more on model adjustments to reflect



(c) 40 x 20 strands

Figure 2: Examples of generated Representative Volume Elements (RVEs) for Recycled Thermo-
Plastic Composites (RTPC) with strand configurations of (a) 20 x 20, (b) 30 x 20, and (c) 40 x 20.
The strands are organized into four distinct layers and are displayed within a transparent matrix
to enhance visibility.

microstructural effects, refer to [10].

3. Multiscale modeling of recycled glass fiber reinforced polyamide 6 com-
posites - Experimental validation

3.1. Theoretical background on periodic homogenization

Generating a dataset for training and evaluating MuTINN necessitates employing
high-fidelity simulations that yield excellent accuracy and consistency in the predic-
tions of artificial neural networks (ANNs). To achieve this, periodic homogenization-
based multiscale methods present an ideal framework, particularly given the hier-
archical nature of the microstructure outlined in Section 2.1. This methodology
not only facilitates the creation of a robust dataset but also establishes a strong
connection between the microscopic and macroscopic scales, ensuring a reliable rep-
resentation of the material’s behavior. This connection requires averaging the stress
and strain over the RVE domain B. Therefore, the macroscopic stress, strain and
Helmohltz free energy are given by:

o(t) = 1> /% (@, 1) AV, (1a)



() = % /% e(x, 1) AV, (1b)
T(t) — ‘1//%\Ii(ac,t) av, (1c)

where V' represents the volume of the Unit Cell (UC) domain B.

Assuming the Representative Volume Element (RVE) can be represented as a
repeating unit, it can be idealized as a periodic unit cell where the displacement field
u is expressed additively as follows:

ulx)=¢-z+u(x)+uy VxeB, (2)

Here, the first term represents the affine component of the displacement field,
while the second term, ', indicates a periodic fluctuation that maintains identical
values at each pair of corresponding points, , and x_, within the RVE boundary

0*8:

u(zy)=u(x_) Vo, z_ 0B (3)

Notably, the strain component associated with ' vanishes upon averaging due
to periodicity, ensuring consistency between equations (1) and (2). In this context,
ug accounts for any rigid body motion.

Substituting equation (2) into equation (3), the Periodic Boundary Conditions
(PBCs) can be expressed in terms of displacement w, directly involving the macro-
scopic strain €. These conditions apply to the unit cell boundaries 08 as follows:

u(xy)—ulx_)=¢-(x.—x_) Ve, x_ € 0B (4)

Thus, the macroscopic stress-strain behavior along a specified loading path can
be obtained by solving local equilibrium with periodic boundary conditions while
considering the relationships involved in transitioning between scales. This work
focuses exclusively on in-plane macroscopic stress conditions. This means that the
values of @33, 013, and Go3 are assumed to be zero, with only the remaining stress
components being relevant.

3.2. Constitutive laws

Accurate characterization of the recycled composite’s nonlinear behavior relies
on constitutive laws that define the stress increments for given strain increments in
each phase. At the mesoscale, two phases are considered: the PA6 matrix and the
strands, treated as a unidirectional composite. The PA6 matrix is represented by
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an elasto-plastic model [54], while the strands are described using an inelastic model
coupled with anisotropic damage [55]. The following subsections provide a brief
overview of these constitutive models. For detailed information on the numerical
implementation, see [54, 55].

8.2.1. Constitutive law for the strands

As established in Section 2.1 via detailed microstructural investigation and imple-
mented into the model (Section 2.2), strands are assumed to be 'degraded’ unidirec-
tional composites imbeded in matrix material. The constitutive law applied is based
on a hybrid micromechanical phenomenological formulation [56, 57]. This model
considers the anisotropic damage in unidirectional composites and incorporates the
permanent inelastic strains. This inelastic response stems from the gradual emer-
gence of damage, primarily induced by the growth of micro-cracks originating at the
interfaces between the fibers and the matrix due to debonding. Figure 3 illustrates
the micromechanical description of damage inside the strands. The stiffness reduc-
tion caused by the presence of these cracks is determined using the Mori—Tanaka
approach. This is achieved by introducing a micro-crack density v. within the RVE
of the strands. The reduction in stiffness is described by a fourth-order tensor D(v.),
which progressively decreases the initial transverse isotropic stiffness tensor Cy, of the
undamaged unidirectional composite material. Consequently, the non-closure effect
of these micro-cracks often results in permanent deformations. These deformations
are represented by an inelastic strain tensor €4, and the total strain e is expressed
as the sum of the elastic strain €, and the inelastic strain &.

E =€, + &4 (5)

This results in state laws governing the strands that are defined by the specific
form of the Helmholtz free energy density, as follows:

U(e, o0 ) = %(e —ey): [Co—D(1)] : (e — &) (6)

This framework has been initially developed to model damage in weft and warp
yarns for woven composites [55]. A summary of the constitutive equations that de-
scribe the strands response is provided in Table 1. Identifying its parameters is
challenging because conducting mechanical tests on isolated strands or yarns is im-
possible. Therefore, a reverse engineering process was developed to calibrate the
model’s parameters using quasi-static tests performed on woven composites. These
calibrated values are adjusted for the strands in this study to account for varying
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(a) Iustration of strands in RVE. (b) Schematic of the strands’ constitutive model.

Table 1: Summary of constitutive equations of the strands and the related variables.

Observable Associated variable
ov
y e -D c)] : — &5
: o = =[Co-D() : (¢ —&y)
Internal state | Associated variables Evolution laws
. ov : oF 5
s o = — si— 73 _
.C = — A = ).\
. 7T 9y,
Ve Y.=— 3 Evolution function
Ve

F(o,Y:)=H,(o)+Y,

Hs2 = agzggz + a?20%2
Microscale Local mean strain and stress in the virgin part of the material
&0 &y = AO(’YC) : (5 - Es)
(o) O'OZ(COZA()(’YC)I(E—ES)

Ay(7,) is the strain concentration fourth order tensor

Criterion

Activation (A > 0 if H. = sup (H.,)
e = e {1 exp <_ ot

)
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fiber-to-matrix ratios within the strands. Additionally, the correction coefficient dis-
cussed in Section 2.2 is applied by reducing the values of Young’s and shear moduli
by 35% after the Mori-Tanaka micro-homogenization. The obtained values are listed
in Table 2. This anisotropic damage model has been employed in multiple previous
works by the authors, demonstrating its effectiveness in capturing damage evolu-
tion in composite materials. For more detailed information on its formulation and
applications, readers can refer to the following citations [58, 59].

Table 2: Parameters for the constitutive model of the strands.

Feature Parameter value  unit

Transversely isotropic stiffness tensor Coi11s 45365 MPa

(non-null components) Co1195 = Coy15s 6745  MPa

02222 03333 22101 MPa

Coss3s 7742  MPa

Co1915 = Coya1s 8193 MPa

002323 B %(002222 — 002233) 7179 MPa

Pure transverse tension threshold Roo 40 MPa

Pure in-plane shear threshold Rio 20 MPa
Weibull length parameter S 12.3 -
Weibull exponent parameter B8 2.75 -
Micro-cracks saturation Ve 0.025 -
Transverse tension anelasticity parameter —aso 3.60 -
In-plane shear anelasticity parameter a2 2.15 -

3.2.2. Constitutive law for the matriz

In this study, we adopt a conventional elasto-plastic constitutive model with
isotropic hardening to simplify the matrix material modeling, following the approach
outlined in previous studies [60]. It is worth noticing that, while the real material
presents rate-dependent behavior, in this analysis for simplification reasons this effect
is suppressed. The goal is to demonstrate the feasibility of the MuTINN technique.
In future studies, the viscous response of the thermoplastic polymer will be incor-
porated. The behavior of the matrix material is defined through the Helmholtz free
energy density, expressed as:

Ble.e ) = (e ) Coi (e —5)+ [ RO de )

where C. represents the fourth-order stiffness tensor, typically characterized for
isotropic materials using Young’s modulus £ and Poisson’s ratio v. The harden-

13



ing behavior is modeled by the function R(§), defined as:

R(p) = Q1 (1 — exp(—bp)) + Qap (8)

where @1, @2, and b are parameters governing the hardening behavior.

The values of the elasto-plastic model’s parameters are identified using exper-
imental monotonic loading tests described in [54]. The identified parameters are
summarized in Table 3.

Table 3: Material parameters for the elasto-plastic matrix model.

Parameters Value Unit

Young’s modulus E 2074  MPa

Poisson’s ratio (standard value) v 0.3 -

Yield threshold oy 14 MPa

Hardening parameters Q1 30 MPa
Q2 260 MPa
b 160 -

The total strain € is considered as an external state variable, while the plastic
strain €, and equivalent plastic strain p are treated as internal state variables. The
equations defining these state variables are given by:

oV

o =5 (9a)
ov
o (9b)
ov
=5, R(p), (9¢)

where o and R denote the stress and the isotropic hardening function, respectively.

3.8. Testing methodology and experimental validation of the multiscale modeling

The model is validated against experimental monotonic tensile tests [10], using
strain-controlled simulations on 10 RVEs generated from the predefined ODF [10],
which spans angles from -80° to 80° (Figure 4).

The matrix follows an elasto-plastic constitutive law, while an anisotropic damage
model accounts for micro-crack initiation in the strands. RVEs are loaded up to 1.2%
strain along 0° and 90° orientations, matching experimental conditions.
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Figure 4: Adopted orientation distribution function (ODF) for the strand generation.

Figure 5 compares the numerical and experimental stress-strain curves. The mean
response with a 95% confidence interval highlights variability and anisotropy. The
model captures experimental trends well, with the 0° orientation results falling within
the experimental range, while the 90° orientation shows a slightly stiffer response,
likely due to angle discretization in the ODEF.
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Figure 5: Numerical simulation results for 10 unit cells using the same ODF compared with experi-
mental data. The mean response curve is shown with a 95% confidence interval (gray shaded area).

Cyclic loading-unloading tests were conducted at increasing strain levels (¢ =
0.3%, 0.6%, 0.9%, and 1.2%). The strain rate during loading and unloading stages
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was set to ¢ = 8x 1072 s~!. Unloading was performed until a near-zero load threshold
(F =50 N) to prevent specimen compression.

Figure 6 presents the stress-strain response for 0°, 45°, and 90° orientations, com-
paring experimental results (blue) with numerical simulations (red). The model ac-
curately reproduces the material’s anisotropic behavior observed in monotonic tests.
Hysteresis loops are evident across all orientations, with the 90° direction showing
the most pronounced loops, while the 0° direction exhibits minimal hysteresis. The
intermediate 45° orientation follows a gradual transition between these two behaviors.

These results confirm the model’s ability to reproduce cyclic response trends and
capture the anisotropic hysteresis behavior observed experimentally.

160

Experiments 0°
—Full-field FE
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40
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Figure 6: Comparison of experimental (blue) and numerical (red) stress-strain responses for cyclic
loading-unloading tests at increasing strain levels (¢ = 0.3%, 0.6%, 0.9%, and 1.2%) for 0°, 45°, and
90° orientations. The 45° orientation is represented with dashed lines, highlighting its intermediate
behavior between 0° and 90°.

4. MuTINN model: defining quantities of interest and model architecture

4.1. Definition and selection of quantities of interest for MuTINN model
Unlike memory-based Artificial Neural Networks like RNNs [61, 41|, which rely on
previous inputs to predict future behavior, the MuTINN model [49] eliminates this
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dependency by introducing a phenomenological framework that accurately describes
the inelastic behavior of RVEs. However, this approach requires additional variables
to effectively account for the history-dependent nature of nonlinear material behavior.
In homogenization theories, these variables originate at the microscale as Internal
State Variables (ISV), representing specific microscopic behaviors. Including the
entire ISVs can significantly increase computational demands during model training
due to the larger input dimensions. A larger input size means more nodes in the
neural network’s input layer, leading to more connections (weights) between the input
and the first hidden layer. To overcome this issue, the MuTINN model introduces
specialized variables called "quantities of interest (U)," defined at the macroscopic
level. Derived by averaging specific ISVs across the composite components B; (e.g.,
the matrix), these variables offer valuable insights by tracking metrics such as damage
density and accumulated plastic strain.

For the matrix phase 9B, four key quantities of interest are defined: vy, vs, Us,
and Ty. These represent the average accumulated plastic strain (p) and the average
in-plane plastic strain components e,,,, €p,,, and 2¢,,, within the matrix. Their
mathematical expressions are as follows:

1
m@=%LMMNM

1
62(25) = v/ Epu(wvt) d‘/a
Va € B, 10 po (10)
Tt) = 37 [ el ) AV
0

1
mw;ﬁé%mwwm
0

where Vj represents the volume occupied by matrix phase.

Although the same internal state variables are defined for all strands, their evolu-
tion under loading varies based on orientation due to the anisotropic damage model.
This variation complicates the selection of macroscale quantities that effectively rep-
resent the strands’ behavior while minimizing information loss. To address this,
four sets of quantities of interest are defined according to strand orientation. This
classification is based on the original generation ODF, depicted in Figure 4, which
spans angles from —80° to 80°. Given that negative angles exhibit the same mechan-
ical behavior as their positive counterparts, they are treated as positive values for
simplification. The strands are categorized into four orientation intervals: [0°,16°],
[16°,32°[, [32°,40°[, and [40°,80°[, assuming similar behavior within each interval.
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This classification allows the definition of the following quantities: v; for Strand phase
1 (B;) with ¢ = 5,6,7, v, for Strand phase 2 (By) with j = 8,9, 10, 7, for Strand
phase 3 (983) with k£ = 11,12,13, and 7, for Strand phase 4 (284) with [ = 14, 15, 16.
Figure 7 illustrates the probability distribution of the strands over these intervals
and shows the different domains (81, B, B, B,) alongside the matrix phase By.
The corresponding mathematical expressions for each defined quantity are provided

below:

Vx € B,

YV € B,

Vx € B3

YV € B,

1
Ts(t) = ‘/1/3 Ye(z, t) AV,
1
1
vg(t) = Vl/% Espp (@, 1) AV,

1
— [ e, (x.t)aV,
Vl/%l o (8)

Ta(t) = — /% o(@,t) AV,

Rz
To(t) = ‘%/Bz Esyp(@, 1) AV,
Bro(t) = % /Qg (w0 A,
T (t) = vig/% (@, 1) dV
Tio(t) = v% /B ol ) AV,
Bus(t) = ‘2 /% (@) A,
Bualt) = v% /% el ) A
Tis(t) = v% /% ol ) AV

1
ﬁlg(t) = WL 26512(.'137t) dV,

(13)

(14)

where V1, V5, V5 and Vj represent the volumes of the strand phases B1, B,, B,

and By, respectively.
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Figure 7: Probability distribution of strands over the defined orientation intervals: [0°,16°],
[16°,32°[, [32°,40°[, and [40°,80°[, showing the different domains B, Bo, B3, and By, along

with the matrix phase Bg.
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As shown in equations 11, 12, 13, and 14, only the ,,, and 2¢,,, components of
the anelastic strain tensor are considered, as these are the active components that
evolve with microcrack density during in-plane loading.

4.2. Framework and structure of the MuTINN model

The Multiscale Thermodynamics-Informed Neural Network (MuTINN) is an ar-
tificial neural network (ANN) model based on thermodynamics and inspired by phe-
nomenological constitutive models that incorporate an evolution law and a state law.
Introduced in previous research [49], this model was developed for woven compos-
ites and is applied here to analyze recycled thermoplastic composite microstructures
(RTPC).

MuTINN’s architecture features two interconnected ANNs (Figure 8), each serv-
ing a distinct function. The first ANN defines the evolution law, processing inputs
such as the current macroscopic strain components (" = [€7,,8%,, 287,|T), the cur-
rent quantities of interest (v" = [0}, ...,77%]|T), and the macroscopic strain increment
(Ag™*1). It then calculates the corresponding increment (Az™!).

A_'m _n+1
é”‘ Q Q ¢ J‘ ® a Q Q o
o @ @0 ' ..
Agn'l' Q A'T;"i o Q Q ‘ o T 4
0¥ @@

‘0 @@ "®

State law
Evolution law

L

=n+l

Figure 8: Architecture of the Multiscale Thermodynamics-Informed Neural Network (MuTINN),
illustrating the two interconnected ANNs that define the evolution law and the state law for ana-
lyzing recycled thermoplastic composite microstructures (RTPC).

The second ANN, known as the state law model, takes the updated macro-
scopic strain ("™!) and the revised quantities of interest (v"*!) as inputs, pre-
dicting the Helmholtz free energy (@Hl) Automatic differentiation is used to
obtain partial derivatives of the predicted Helmholtz free energy with respect to

the inputs, which is essential for calculating the macroscopic stress components
—~n+l
(" = [a5h, ohy 775 ") and the rate of dissipation (& ).

In the MuTINN framework, dissipation is calculated to ensure consistent thermo-
dynamic predictions. A penalty function is incorporated to promote solutions with
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positive dissipation, maintaining thermodynamic admissibility. The analysis focuses
on time-independent behavior, calculating dissipation using a fixed time increment
of 1 (At =1).

For model training, a loss function L is defined, which is the aggregate of three
distinct loss components (Lz, Ly, and Lz), in addition to a penalty function, Px.
The proposed formulation of the loss function integrates the outcomes of the two
neural networks, thereby accounting for both the evolution and the state laws as
considered in [45, 49, 48|. This relationship is mathematically represented by the
following equation:

where Az, Ay, A&, and /\$ are weights assigned to each loss component: Lz,

Lg, L&, and Px, respectively. These components represent the differences between
—ANN

—ANN
ANN and gANN _

the network’s predicted outputs v (representing the

5
quantities of interest, the Helmholtz free energy and the stress, respectively) and the
reference values of ©, ¥, and &. The equations are defined as follows:

Ly =[5 - "N,

— —ANN
Lg=|¥ - | (16)
. |7 8EANN|
T — |O — — .
O€

A judicious choice of weights is crucial for ensuring accurate predictions. The
MuTINN structure relies on a first neural network that predicts the increment of
the quantities of interest, Av"*!, which is then used to predict the Helmholtz free
energy. It is important to accurately predict the macroscopic quantities of interest
v" by prioritizing the choice of the Az weight, followed by Ay, and then Az. This
accuracy is essential, as all other predictions depend on it. This makes minimizing
initial inaccuracies even more critical to avoid error accumulation.

To further ensure the thermodynamic consistency of the MuTINN predictions,
a penalty function P is introduced, as defined in Equation 17. This function is
designed to be zero when dissipation is positive and equals the absolute value of
dissipation when it is negative. By incorporating this penalty into the loss function
L, the model is penalized in situations where dissipation takes on non-physical values.
To this end, the weight )\5 should be greater than the other weights. This helps
maintain the accuracy of predictions, especially given the potential numerical errors
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introduced through automatic differentiation and the reliance on precise choices for
Az, Ag, and Az. This penalty function is defined as follows:

ANN

_ o ApANN
R VA
P F i —ANN (17)
o ApANN _
~ AN AL otherwise

5. Data Generation, Results and Discussion at RVE scale

5.1. Sampling strategy and data preparation

The dataset used for training, evaluating, and testing the MuTINN model is
derived from finite element computations performed in a multiscale full-field scheme
on a recycled composite RVE. The unit cell is subjected to random in-plane loading
paths in the longitudinal (0° manufacturing direction), transverse (90°), and in-plane
shear simultaneously. The local constitutive models for the matrix and strands used
in these computations are detailed in Section 3.2. These models are calibrated for
tensile loading rather than compression. Therefore, simulations are stress-controlled
to avoid negative stress values, ensuring valid input data for the MuTINN model and
maintaining the stability of the finite element model during dataset generation. The
stress intervals were chosen based on prior experimental tensile tests on the RTPC
material [10], as shown in Figure 5. Stress levels are set between 0 and 200 MPa for
the longitudinal direction (0°) and 0 to 150 MPa for the transverse direction (90°),
with a shear stress interval of -50 to 50 MPa. It should be noted that MuTINN has
been trained using one unit cell. Incorporating response variability into the MuTINN
framework would require an enriched database that includes simulations for various
RVEs.

The quantities of interest vy, are obtained by averaging specific ISVs defined at
the microscale across the five domains *B;, with ¢ ranging from 0 to 4, as described
in Equations 10 to 14. The Helmholtz free energy W is computed using Equation 1lc,

and the macroscopic strain components "*! are derived using Equation 1b. These

quantities are then stored as input variables (Ag"*!, €", ") and output variables
(Ap" g o) for further analysis in the MuTINN model.

In this study, we utilize a dataset of 3,300 loading paths, divided into three sub-
sets: training (70%), validation (15%), and testing (15%). Each loading path consists
of 10 discrete steps, with random stress increments applied in the longitudinal, trans-
verse, and shear directions, as illustrated in Figure 9 where 5 examples of applied

loading paths are presented. The initial steps involve lower stress levels, gradually
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increasing to higher values in the final steps. This gradual progression promotes a
steady evolution of damage and inelastic strain over the entire analysis, rather than
a rapid change in a single step, which could hinder further evolution in subsequent
steps.

To ensure sufficient data resolution, each step is further subdivided into 20 incre-
ments, yielding 200 data points per loading path and a total of 660,000 data points
across the entire dataset. Among the 3,300 loading paths, 300 specifically focus on
scenarios with either one active stress component while others remain zero, or two
active stress components with the remaining two set to zero. These paths help to
improve MuTINN’s predictive accuracy for uniaxial and biaxial loading conditions.
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50
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Figure 9: 3D representation of 5 out of 3300 applied loading paths, illustrating random stress
increments in the longitudinal, transverse, and shear directions. The paths demonstrate a gradual
increase in stress levels, promoting steady evolution of damage and inelastic strain.
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5.2. Model training, validation and testing

5.2.1. Offline training process and performance evaluation

The dataset, including input and output sets, is normalized to a range of -1
to 1. The MuTINN model is then implemented using the TensorFlow framework,
comprising two interconnected artificial neural networks (ANNeyolution a0d ANNggate )-
As detailed in Table 4, each network contains two hidden layers with 64 neurons
each. ANNgyolution €mploys the Leaky Rectified Linear Unit (Leaky ReLU) activation
function with o = 0.3, while ANNj;ate uses the Exponential Linear Unit (ELU) with
a=1.

Table 4: Hyperparameters of the MuTINN model, detailing the structure of the ANNevolution and
ANNstate networks, including hidden layers, neuron counts, and activation functions.

MuTINN Hyperparameters
Inputs Layer  Hidden Layer 1 Hidden Layer 2 Output Layer
ANNgyolution Number of Neurons 22 64 64 16
Activation function - leaky ReLU leaky ReLU Linear
ANNqgtate Number of Neurons 19 64 64 1
Activation function - ELU ELU Linear

The model is trained using the Adam optimizer [62] with a batch size of 64, 1500
epochs and a learning rate of 1073, balancing the trade-off between convergence
speed and stability. Mean Absolute Error (MAE) is used to evaluate the prediction
accuracy of each ANN. As presented in Section 4.2, the weights Az, Ay, Az, and
A are crucial for the accuracy of the MuTINN model and are determined through
multiple trials and adjustments. The optimal values identified for these weights are
A =5, Ag = 15, \z = 1.2, and )\$ = 10.0. Prioritizing the weight associated
with the quantities of interest U, seems to contribute significantly to the model’s
performance since all other results derive from these quantities.

5.2.2. Online model assessment on unseen scenarios

Following training, the MuTINN model is first tested in the online phase by
predicting mechanical responses to individual, random strain increments, assessing
its performance. Figure 10 presents reference vs. prediction value curves for test
data, showcasing the model’s performance on unseen data. This includes one curve
for the Helmholtz free energy (W), three for the stress components (&1, T, and
712), and 16 for the quantities of interest, denoted as v; (with ¢ ranging from 1 to
16). The results are satisfactory, with all values closely aligned along the diagonal

line y = z, indicating strong predictive accuracy.
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Figure 10: Reference vs. predicted values for Helmholtz free energy (¥), stress components (&1,
T22, 012), and the quantities of interest T; (with i = 1,...,16)
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In the next step, the model’s performance is evaluated for entire complex load-
ing paths. The macroscopic strain increment (Ag"™) serves as the input for the
MuTINN, which predicts the material’s response solely based on changes in the
strain and the quantities of interest at each step. This approach eliminates the need
for explicit knowledge of prior stress or energy states at the start of the simulation,
as the model iteratively updates these quantities based on the input strain incre-
ments, as illustrated in Figure 11. The predictions for Helmholtz free energy and
stress components are then compared with results from finite element (FE) peri-
odic homogenization. Figures 12 and 13 illustrate two loading path cases, chosen to
demonstrate the model’s capabilities and limitations in handling complex loadings
of TPRC materials.

o
AE" L O
@

= n+l
)

State law

Figure 11: Architecture of the MuTINN, showing its use of macroscopic strain increments (Ag"*1)
provided by the macroscale FE analysis to predict material responses. The model evaluates perfor-
mance across complex loading paths, updating stress and energy states iteratively.

The MuTINN model accurately captures the trends of the Helmholtz free energy,
as well as the @11, G99 and @15 stresses. Given the high variability observed experi-
mentally (Figure 5), the MuTINN’s performance is satisfactory, especially since the
primary focus is on uniaxial stresses (17 and @92).
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Figure 12: Comparison of MuTINN predictions and FE homogenization results for Helmholtz free
energy (V) and stress components (611, @22, 12) under unseen loading path Case 1, showing good

accuracy.
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Figure 13: Comparison of MuTINN predictions and FE results for ¥, &1, @22, and &5 for unseen

loading path Case 2.
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6. Application of MuTINN for structural FE analysis for recycled com-
posites

6.1. Overview of numerical implementation of MuTINN-FE connection

The integration of the MuTINN model into a finite element (FE) code, as de-
scribed extensively in [49], is achieved through a Meta-UMAT implemented in For-
tran. This Meta-UMAT serves as an interface between the FE software and the
MuTINN model, enabling the calculation of macroscopic stress "+ and tangent
modulus @?H at each time increment using the given strain increment Ag"™ (Fig-
ure 14). It imports the MuTINN model’s parameters, including architecture, weights,
and biases, from a saved file named “Properties.inp.”

Meta-UMAT Properties.inp

F ~
One Element gn Ag71/+i CALL MuTINN \

CALL ANNevolution
o —n+1 CALL ANNge ANNSs parameters (weights
A o' C, CALL Gradient ANN's AN parameters (welghts,
; - Biases, activation functions, ...)

CALL Pertb_MuTINN

Integra"tion point

Figure 14: Schematic Implementation of MuTINN into a FE commercial software for structural
computations [49].

The global FE solver also requires the macroscopic tangent operator @?H for
rapid convergence. However, an elastic operator can also be used, but it requires more
iterations to achieve convergence compared to the tangent operator. To compute the
latter, the “Pertb  MuTINN” function applies a perturbation technique using three
elementary loading cases: [d¢, 0, 0]T, [0, de,0]T, and [0,0, §]T, with de = 1074

6.2. Validation of the approach on a macroscopic point and comparison with FE
computations performed on an RVE

To validate this approach, single-point computations at the macroscale (repre-
senting one element) are compared to RVE-scale calculations. Three orientations are
examined: 0°, 45°, and 90°. Cyclic loading-unloading tests are performed with four
cycles at increasing strain levels (¢ = 0.3%, € = 0.6%, ¢ = 0.9%, ¢ = 1.2%), unload-
ing to zero stress. FE-MuTINN results for individual elements are compared with
both experimental data and periodic homogenization at the RVE scale. Figure 15
illustrates these comparisons, with Figures 15a, 15b, and 15¢ showing experimental
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Algorithm 1 Computation of @LH using Pertb  MuTINN
Require: de, Ag"t! g, o"
1: "' + MuTINN(Ag"*! g o")
: for k=1to 3 do
AE?]:T — A§”+1+ 0g [(Slk, 621@7 (Sgk}T, 51',7‘ = {

5331:1— METEFN&Aigl, g, ")
Aa(k) —og —O

4
5
antl —n+1
6: C, [ k]« ATy /oe
7
8

[\

1 if i=j,
0 else.

: end for
—n+
: return C,

and FE periodic homogenization results against MuTINN predictions. The results
indicate strong agreement between FE and MuTINN across orientations and experi-
mental data. However, the model slightly overestimates irreversible deformation after
loading and unloading, especially for 0° and 45°, where less dissipation is observed.
Deviations between the MuTINN and the experimental findings can be mainly at-
tributed to the FEA homogenization simulations [63], which are used as source of
the data-driven technique training, testing and validation. Another source of dis-
crepancy is due to the omission of viscoelastic and viscoplastic effects in the matrix
for this application. Despite this, the elastoplastic matrix model with anisotropic
damage in the strand shows good accuracy compared to experimental results, and
this accuracy is effectively transferred to the MuTINN model. It should be noted
that the MuTINN model performs very well for the 45° unseen orientation, even
though it was not explicitly trained on loading-unloading data for that orientation.
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Figure 15: Comparison of numerical and experimental results for cyclic loading and unloading at
increasing strain levels for various specimen orientations: (a) 0°, (b) 45° and (c) 90°. Loading and
unloading stages were controlled with a strain rate of ¢ = 8 x 1073s~!. The MuTINN, compared
to the periodic homogenization FEA, presents error in the maximum stress level of 1% at 0°, 1.6%

at 45° and 0.4% at 90° orientations.



To confirm thermodynamic consistency in structural applications, MuTINN re-
sults for Helmholtz free energy (¥), dissipation energy (®yurinn), and strain energy
(W.) are compared to periodic homogenization. It is worth noting that the dissipa-
tion energy for FE - Periodic Homogenization is identified by the average dissipation

of the elements Nrg of the total RVE. These quantities are defined as:

— o
@ u - —i'di, 18
MuTINN 2 9% v ( )
Nrg
— 1 ov;
b = — P,V d; = — -dISV, 19
e | ~aretsaisv. (19)
— ov
W.=[|o-de= [ — -d&. 20
/sa g 5 g (20)

®; represents the dissipation energy of the miscroscopic element I. Figures 16a,
16b, and 16¢ present energy comparisons for each configuration, highlighting the
FE-MuTINN method’s accuracy in predicting energy values consistent with periodic
homogenization. As expected, Helmholtz free energy (¥) and strain energy (W,)
are highest for the 0° orientation, indicating a stiffer response, followed by the 45°
and 90° orientations. MuTINN performs well in capturing energy levels compared to
classical finite element periodic homogenization. A slight discrepancy in dissipation
energy (®) was observed at higher deformations, particularly for the 0° and 45° ori-
entations, with the 45° orientation showing the greatest difference, as the model was
not explicitly trained on this data. Additionally, the results confirm the relationship
W. =V + @, illustrating that strain energy is the sum of Helmholtz free energy and
dissipation energy.

It is worth pointing out that applying the MuTINN approach for FE computations
requires using increment values within the ranges covered during the model’s training.
This ensures the accuracy and reliability of the predictions, as the model is specifically
trained on data within these predefined ranges. Using values outside of these ranges
leads to inaccurate results especially at higher stress levels for the 0° orientation.

However, despite this limitation, the FE-MuTINN approach offers a significant
advantage in terms of computational efficiency. As shown in Table 5, while tra-
ditional FE-based periodic homogenization requires several minutes per time step,
FE-MuTINN completes the same computations in just a few seconds.
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Table 5: Comparison of computational time across multiple orientation for recycled composites:
traditional FE-based homogenization vs. FE-MuTINN approach.

Orientation
Approach 0° 45° 90°

Computation time FE (Periodic homogenization) 1h 08 min 1h 20 min 1 h 07 min
FE-MuTINN 32s 27 s 27 s

6.3. Application case 1: structure level double notched specimen

After validating the approach on a single element and comparing the results
with those from FE periodic homogenization and experimental data, a tensile test
simulation at the structural level is conducted as an example. The test specimen,
measuring 1000 mm in length and 300 mm in width, is analyzed with one end fixed
and a 20 mm displacement applied at the other end along the y-axis (corresponding to
the 90° recycled material orientation), while displacement along the x-axis remains
zero. The specimen dimensions are chosen to maintain scale separation from the
RVE, which measures 100 x 100 mm. Figure 17 shows the specimen geometry,
boundary conditions, and approach, linking each integration point in every element
to the previously described Meta-UMAT. The FE simulation has been performed in
ABAQUS, using a mesh containing 616 plane stress elements of CPS3 type. The
mesh size has been determined after spatial convergence analysis.

The computational time for this analysis was 47 seconds for a model containing 20
3-node plane stress elements (CPS3) and 596 4-node plane stress elements (CPS4),
which is significantly faster than traditional methods like FE?, which may take days
to complete. Macroscopic strain fields are shown in Figure 18 for 21y (Figure 18a), 42
(Figure 18b), and 2g;, (Figure 18¢). Expectedly, the strain levels in £yp—aligned with
the loading direction—are the highest, especially in areas of high stress concentration.

Furthermore, Figure 19 presents macroscopic fields for selected quantities of in-
terest, illustrating the distinct behaviors across different domains: ¥; in the matrix
domain B, (Figure 19a), and 05, Us, U1, and Uy4 in strand domains By, Bo, B,
and B, respectively (Figures 19b—19¢). The progression from 75 to T4 reveals in-
creasingly distinct variations in the macroscopic fields, emphasizing the material’s
anisotropic nature. This trend highlights the effectiveness of the approach in which
quantities of interest are distinguished based on local strand orientation, thereby
capturing the anisotropic response and complex structural characteristics of the ma-
terial.
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6.4. Application case 2: L-shaped structure

To further challenge the MuTINN model, an L-shaped structure was selected
due to its complex geometry, which is expected to generate compressive stresses,
particularly near the clamped region. This choice allows us to evaluate the model’s
performance under more demanding conditions, especially in regions where stress
concentrations and compressive effects are prominent. The L-shaped structure, illus-
trated in Figure 20, features a hollow central section and measures 800 mm in height
and 500 mm in width. The structure is clamped on one end, while a displacement
of w = 10mm is applied at the other end along the y-axis. The boundary conditions
and dimensions are detailed in Figure 20.

R200 mm

U= 10mm

wur 008

800 mm

Figure 20: Geometry and boundary conditions of the L-shaped structure, showing the applied dis-
placement along the y-axis and the clamped boundary. Each integration point within the structure
elements is linked to the Meta-UMAT. Finite elements of type CPS3 and CPS4 have been used for
this analysis.

The simulation results demonstrate stable convergence, with stress fields for 71,
G202 and T2 presented in Figures 21a—21c. As anticipated, compressive stresses are
observed near the clamped region, particularly in ;; and 75,. However, it is impor-
tant to note that the model’s accuracy in these regions may be limited, as it was not
explicitly trained for compressive stress scenarios.

To further validate the approach, stress and strain data were computed at the
centroid of a specific element within the structure, as highlighted in Figure 22. This

36



Journal Pre-proof

(Avg: 75%)
+1.245e+02

(®)

(©)

Figure 21: Macroscopic stress fields from the L-shaped structure simulation: (a) 711, (b) a2, and
(c) T12. Compressive stresses are observed near the clamped region, particularly in 71; and Fa2.
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element was chosen due to its location in a region of moderate stress concentration,
allowing for a meaningful comparison with results from periodic homogenization.
The stress-strain curves for 11, €92 and 15, computed at the centroid of the chosen
element using MuTINN approach, are compared with those obtained by periodic
homogenization (refence solution) in Figures 23a—23c. The good agreement between
both modeling results confirms the capability of MuTINN to capture the local re-
sponses. This further supports the effectiveness of the MuTINN model in capturing
the structural response of complex geometries.

U= 10mm

Figure 22: Highlighted element within the L-shaped structure from which stress and strain data
were extracted for comparison with periodic homogenization results.
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7. Conclusions and further work

This work advances the modeling of recycled thermoplastic composites through
the Multiscale Thermodynamics-Informed Neural Network (MuTINN), which inte-
grates sequential neural networks with thermodynamic principles to enable efficient
macroscale simulations. Compared to traditional methods like FE?, MuTINN signifi-
cantly reduces computational time. By defining quantities of interest from microscale
internal state variable averages, it eliminates the need for memory-based networks
to capture loading history, accurately modeling the anisotropic and heterogeneous
behavior of recycled composites. Additionally, the development of a Meta-UMAT
framework ensures seamless integration into commercial finite element software, en-
abling efficient macroscale structural computations while maintaining a computa-
tional cost comparable to standard FEA.

MuTINN demonstrates strong predictive accuracy across various loading condi-
tions, validated through comparisons with FE periodic homogenization and experi-
mental data. While the model slightly overestimates irreversible deformation in some
orientations due to omitted viscoelastic and viscoplastic effects, it performs robustly
even for orientations not explicitly included in its training off-line data, such as the
45° orientation. Comparisons between MuTINN and periodic homogenization FEA
results for experimentally studied tensile cyclic tests show error in the maximum
stress level of 1% at 0°, 1.6% at 45° and 0.4% at 90° orientations. At the structural
level, MuTINN has been efficiently applied for FEA analysis of complex geometries,
accurately predicting macroscopic strain fields and quantities of interest, though its
performance is constrained by the training data ranges.
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Future work should focus on enriching the MuTINN model by incorporating data
from compressive stress cases, ensuring accurate predictions for structural compu-
tations where compressive stresses are prevalent, while maintaining thermodynamic
consistency. Additionally, extending the model to account for time-dependent behav-
iors, such as viscoelasticity and viscoplasticity, would enhance its ability to capture
the full spectrum of material responses under diverse loading conditions. Another
important aspect for future development is the incorporation of stochastic approach
in MuTINN to capture the process induced microstructure variability and the re-
lated uncertainty on the overall response of the recycled composite [64]. While this
work established a link between the microstructure of recycled composites and their
mechanical performance, further research should aim to develop data-driven mod-
els that connect processing parameters to microstructural evolution. This would
create a closed-loop framework, accelerating the development and optimization of
recycled materials by integrating process-microstructure-performance relationships
into a unified predictive tool.
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