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A B S T R A C T

To develop physics-based models and establish a structure–property relationship for short fiber composites,
there are a wide range of micro-structural properties to be considered. To achieve a high accuracy, high-
fidelity full-field simulations are required. These simulations are computationally very expensive, and any
single analysis could potentially take days to finish. A solution for this issue is to develop surrogate models
using artificial neural networks. However, generating a high-fidelity data set requires a huge amount of time. To
solve this problem, we used transfer learning technique, a limited amount of high-fidelity full-field simulations,
together with a previously developed recurrent neural network model trained on low-fidelity mean-field data.
The new RNN model has a very high accuracy (in comparison with full-field simulations) and is remarkably
efficient. This model can be used not only for highly efficient modeling purposes, but also for designing new
short fiber composites.
1. Introduction

Short Fiber Reinforced Composites (SFRCs) have gained popularity
in variety of applications, mainly due to their compatibility with in-
jection molding processes and their interesting properties compared to
unfilled polymers [1,2]. The presence of discontinuous fibers in SFRCs
prevents load transfer between them, assigning the responsibility of
load transfer to the matrix material. With high stiffness, fibers create
the potential for elevated stress levels within the composite, often
resulting in yielding of the matrix [3–5]. This will eventually result in
overall plastic behavior of the composite. Accurate prediction of yield
and post-yield behavior is of paramount importance particularly for
extreme cases such as crash.

Micro-mechanical modeling approaches have been developed and
used to predict non-linear elasto-plastic behavior of SFRCs (see e.g.,
[5–10]). These models can be generally categorized to two major
classes: mean-field and full-field models. In mean-field models (see
e.g., [6,7]), an average stress and average strain is considered in the
micro-structural constituents. These models are typically computation-
ally efficient. However, it is not possible to obtain detailed information
about deformation mechanism at the micro-structure and interactions
between different phases. Also, these models are not as accurate as full-
field models. On the other hand, full-field models consider microscopic
fields at distinct microscopic points. For solving equilibrium equations,
typically, Finite Element Method (see e.g., [8,11]) or Fast Fourier

∗ Corresponding author.
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Transform (see e.g., [9,10]) are used. To conduct full-field analysis, it is
essential to generate realistic Representative Volume Elements (RVEs)
that accurately represent the material’s micro-structure. While this
method yields high accuracy, it is not universally applicable. Challenges
arise for RVE generation, particularly in cases involving high aspect
ratios of fibers or high fiber volume fractions [12,13]. Furthermore,
this approach is also computationally demanding [5], particularly for
coupled multi-scale FE2 analyses [14]. Hence, alternative solutions are
needed to overcome these issues while keeping a high level of accuracy.

Machine learning techniques have recently been applied to acceler-
ate modeling in materials science (see [15,16] for reviews and [17–22]
for some recent developments for composites). Model Order Reduction
(MOR) methods are also employed to reduce the dimensionality and
complexity of mathematical models used in various engineering and
scientific applications. By reducing the degrees of freedom of the mod-
els, MOR techniques enable computationally efficient simulations while
preserving critical system characteristics. Examples of MOR methods
include Non-uniform Transformation Field Analysis (NTFA) (e.g., [23–
25]), Proper Orthogonal Decomposition (POD) (e.g., [26,27]), and
Self-consistent Clustering Analysis (SCA) (e.g., [28,29]). However, each
reduced-order model is built for a specific micro-structure, and thus,
different micro-structures would require different reduced-order mod-
els. Another model reduction approach is the Deep Material Network
vailable online 24 November 2023
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(DMN), initially proposed by Liu et al. [30,31]. DMN has the benefits
of only requiring linear elastic RVE data and can be used for other
materials and loading conditions. However, each DMN can be used only
for the micro-structure geometry it was trained on [32]. For differ-
ent geometries (e.g., different fiber orientations or volume fractions),
one can employ transfer learning to adopt pre-trained DMN to new
configurations [33] or interpolate between multiple DMNs [32,34].

Recent developments have shown the capability of Artificial Neural
Networks (ANNs) for surrogate modeling in materials science includ-
ing modeling of composites [35]. Mozaffar et al. [17] demonstrated
the successful prediction of path-dependent plasticity using Recurrent
Neural Networks (RNNs). They conducted a detailed analysis of two-
dimensional RVEs of a composite material and built a database to
train and validate an RNN model. Another study by Gorji et al. [18]
focused on developing an ANN model that accurately reproduced an
anisotropic non-linear material model. Their approach utilized RNNs
to create a data-driven model, which was then employed to study
the multi-axial behavior of a two-dimensional foam. Recently, Bonatti
and Mohr [20] proposed a novel self-consistent RNN as a surrogate
model for non-linear material behavior. To address issues related to
the network performance, they introduced a linearized minimal state
cell. The trained and validated network was subsequently integrated
into an explicit finite element framework for component-level analy-
sis. Wu et al. [36] developed an efficient ANN surrogate model for
micro-mechanical modeling of an elasto-plastic composite using two-
dimensional finite element simulations. Wu and Noels [21] extended
the previous work by developing an RNN model capable of capturing
the evolution of local micro-structure state variables under complex
loading paths. More recently, Friemann et al. [37] also developed an
RNN model for SFRCs. In this work, contrary to majority of other non-
linear ANN models, different micro-structural parameters including
variety of fiber orientations and fiber volume fractions were considered.
However, to avoid a huge amount of time for data generation process,
a mean-field model was used for micro-mechanical simulations.

In this study, we have used Transfer Learning approach to develop
an RNN model for high-fidelity full-field modeling of SFRCs. Using this
method, it is possible to use existing knowledge in an already trained
network for developing a new ANN model. Recently, Ghane et al. [38]
proposed to use transfer learning to overcome initialization challenges
in RNN models for cyclic elaso-plastic behaviour of woven composites.
Initially a network was trained using 6-dimensional arbitrary evolving
strain paths, and then fine-tuned using another dataset of specific cyclic
loadings. Inspired by this work, we are proposing to transfer knowledge
from the previously developed RNN model by Friemann et al. [37]
(which uses low-fidelity mean-field data) to a new RNN model which
uses a small data set of high-fidelity full-field data. The enhanced
RNN model was successfully re-trained despite the small data set. The
RNN model has a remarkable computational performance and a great
accuracy when compared to full-field test data.

The subsequent sections of this paper are organized in the following
manner. In Section 2, the process of data set generation is illustrated.
Section 3 explains the RNN model development and the use of transfer
learning technique. Section 4 gives the obtained results using the
developed RNN model, and provides comparisons to other networks,
too. Related discussions are given in Section 5. Finally, Section 6 gives
some concluding remarks from this study.

2. Data generation

In this study, an elasto-plastic matrix and elastic fibers are consid-
ered, and variety of fiber orientations and fiber volume fractions are
taken into account. The elasto-plastic matrix was modeled with the 𝐽2-
plasticity model with an isotropic linear-exponential hardening. The 𝐽2
yield function is stated as
2

𝛷(𝝈, 𝜅) = 𝜎𝑉 − (𝜎𝑦 + 𝜅) ≤ 0, (1)
Table 1
Constitutive properties of elasto-plastic matrix and elastic fibers.

Fiber properties Matrix properties

Young’s modulus 76 GPa Young’s modulus 3.1 GPa
Poisson’s ratio 0.22 Poisson’s ratio 0.35
Length 240 μm Yield stress 25 MPa
Diameter 10 μm Linear hardening modulus 150 MPa
Fiber volume fraction 0.1–0.15 Hardening modulus 20 MPa

Hardening exponent 325

where 𝜎𝑦 is the yield stress, 𝜎𝑉 is the von Mises equivalent stress, and
𝜅 is a hardening stress. The von Mises stress (𝜎𝑉 ) is calculated using
the deviatoric stress (𝝈𝑑𝑒𝑣) as

𝜎𝑉 =
√

3
2
𝝈𝑑𝑒𝑣 ∶ 𝝈𝑑𝑒𝑣, 𝝈𝑑𝑒𝑣 = 𝝈 − 1

3
𝑡𝑟(𝝈)𝑰 , (2)

where 𝑰 is the second order identity tensor. The hardening stress is
calculated by

𝜅 = 𝐻𝜀𝑝 +𝐻∞(1 − 𝑒−𝑚𝜀
𝑝
), (3)

where 𝐻 is the linear hardening modulus, 𝐻∞ is the hardening modu-
lus, 𝑚 is a hardening exponent, and 𝜀𝑝 is the accumulated plastic strain.
Constitutive properties of matrix and fibers (see [37,39]) are listed in
Table 1. As supervised learning is employed to train the neural network,
a full-field data set that covers a wide range of fiber orientations and
loading conditions is required. Initially, random orientation tensors,
fiber volume fractions, and 6-Dimensional random strain paths are
sampled. Then, Digimat-FE is used to generate the RVE geometry and
solve the boundary value problem using either a Finite Element (FE)
or Fast Fourier Transform (FFT) analysis (see [40,41]). The subsequent
subsections provide a detailed explanation of each step involved in this
process.

2.1. Random orientation tensor generation

This study utilizes a procedure for generating random orientation
tensors developed by Friemann et al. [37]. For a 3D orientation tensor,
first, a line segment from 0 to 1 is divided into three segments using
two randomly sampled points from the interval (0, 1). The lengths of
these three segments are then used as the eigenvalues for a second
order diagonal tensor (in matrix format, a 3 × 3 diagonal matrix). Then,
a random rotation tensor is sampled using the algorithm proposed by
Arvo [42]. This algorithm involves a single-axis rotation tensor 𝑹(𝜃)
with an angle 𝜃 sampled randomly in (0, 2𝜋), and a negatively scaled
Householder transformation, given by:

−𝑯 = 2𝒗𝒗𝑇 − 𝑰 , 𝒗 =
[

cos𝜑
√

𝑧 sin𝜑
√

𝑧
√

1 − 𝑧
]𝑇

, (4)

where angle 𝜑 is sampled randomly in (0, 2𝜋), and 𝑧 is sampled ran-
domly in (0, 1). The final rotation tensor is obtained as 𝑴 = −𝑯𝑹.
Finally, this rotation tensor 𝑴 is used to rotate the diagonal tensor,
resulting in the final orientation tensor.

For planar orientation tensors, where only two out of three di-
agonal components are non-zero, the process differs slightly. First, a
line segment from 0 to 1 is divided into two segments using one
randomly sampled point from the interval (0, 1). The lengths of these
two segments are then used as the components associated with the 𝑥
and 𝑦-axis of a second order diagonal tensor. Then, a 𝑧-axis rotation
tensor 𝑹(𝜃) with an angle 𝜃 sampled randomly in (0, 2𝜋) is used to rotate
the diagonal tensor. Subsequently, the resulting tensor undergoes a 90-
degree rotation around a randomly selected x, y, or 𝑧-axis, resulting in
the final planar orientation tensor.

Uni-Directional (UD) orientation tensors are sampled simply by ran-
domly choosing whether the first, second or third diagonal component
equals 1, with all other components being set to 0.
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Remark 1. For 3D and 2D orientation distributions, the orientation
ensor generated by this procedure will serve as the reference to
igimat-FE to create an RVE, but the actual orientation tensor may not
e exactly the same as the reference one. For UD samples, we always
et the reference orientation tensor from a generated RVE.

.2. Random strain path generation

A random strain path generation developed by Friemann et al. [37]
s used. Initially, the number of drift directions (nDrif t) is randomly
elected from 1, 2, 5, and 10. Then, a set of drift directions is sampled
rom a normal distribution with a mean of 0 and a standard deviation
f 1. To obtain 100 time steps (nTimeSteps), each drift direction is
epeated nTimeSteps

nDrif t times. The drift for the entire path can be expressed
s

= [

nTimeSteps
nDrif t

⏞⏞⏞⏞⏞⏞⏞
𝒅1 ⋯ 𝒅1

nTimeSteps
nDrif t

⏞⏞⏞⏞⏞⏞⏞
𝒅2 ⋯ 𝒅2 ⋯

nTimeSteps
nDrif t

⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
𝒅nDrif t ⋯ 𝒅nDrif t ], (5)

where 𝒅𝑖 represents the randomly sampled drift direction as a 6D
column vector. Additionally, at each time step, a random noise vector
is sampled from a normal distribution with a mean of 0 and a standard
deviation of 1. Subsequently, these noise vectors are scaled by a factor
𝛾, which ranges from 0 to 1. The noise for the entire path can be
expressed as

𝐍 = 𝛾[𝒏1 𝒏2 ⋯ 𝒏nTimeSteps], (6)

here 𝒏𝑖 represents the randomly sampled noise vector as a 6D column
ector. Then, a cumulative sum for each strain component is computed
y adding both drift and noise from the starting point to the present
ime step. This results in the unscaled path, which can be expressed as

nscaledPath𝑖𝑗 =
𝑗
∑

𝑘=1
D𝑖𝑘 + N𝑖𝑘 for 𝑖 = 1, 2,… , 6 and 𝑗 = 1, 2,… , nTimeSteps. (7)

inally, this path is scaled such that the largest component is equal to
he prescribed maximum strain 𝜀𝑚𝑎𝑥, which ranges from 0.01 − 0.05, to
btain the final scaled path as

𝐜𝐚𝐥𝐞𝐝𝐏𝐚𝐭𝐡 =
𝜀𝑚𝑎𝑥

max(𝐔𝐧𝐬𝐜𝐚𝐥𝐞𝐝𝐏𝐚𝐭𝐡)
𝐔𝐧𝐬𝐜𝐚𝐥𝐞𝐝𝐏𝐚𝐭𝐡. (8)

Table 2 gives the random strain path generation settings.

Table 2
Settings used for random strain path generation.

Parameter Distribution Range/ Value

nTimeSteps – 100
nDrif t Uniformly sampled (1, 2, 5, 10)
𝛾 Uniformly sampled (0−1)
𝜀𝑚𝑎𝑥 Uniformly sampled (0.01−0.05)

The choice of 100 time steps, i.e., a time increment of 0.01 per step,
as driven by the computational requirements of RVE simulations. This

etting enabled the generation of more data with varying properties and
oading paths than a higher time steps setting. As for the number of drift
irections, a higher number would increase the complexity of the strain
ath. However, it also leads to potential issues for convergence in the
imulation. Therefore, a maximum of 10 drift directions is selected to
alance the complexity and convergence considerations.

emark 2. The time step in this study signifies the progression of
oad steps within the applied strain path, with no inherent temporal
3

nfluence on the material behavior.
2.3. RVE size determination

An RVE should contain enough information about the micro-
structure, and it is crucial for it to statistically represent the micro-
structure. By including sufficient micro-structure details, the RVE can
provide meaningful prediction and accurately capture the material’s
mechanical response. Therefore, it is essential to conduct a study on
the RVE size to ensure the representativeness of the obtained data.

To determine the RVE size, different approaches have been pro-
posed (see e.g., [43–45]). Kanit et al. [43] proposed a methodology
to find the minimum size needed to compute the effective properties
(e.g., elastic modulus) provided the desired precision and the number
of realizations. Gitman et al. [44] also proposed a statistical method
using the Chi-square criterion to find the minimum RVE size that
satisfies the accuracy requirement. Mirkhalaf et al. [45] proposed two
criteria: (i) the coefficient of variation of the deformation behavior for
different RVE realizations with the same size should be less than a
desirable value, (ii) the average behavior of all realizations with the
same RVE size should fall within a desirable error range compared
to the average response of the next RVE size. This approach [45] is
followed in this study for RVE size determination. Each tested RVE size
has 4 realizations, subjected to monotonic uniaxial stress loading by ap-
plying corresponding strain component from 0–0.05. After conducting a
statistical analysis, to balance the computational time and maintain the
data accuracy, RVE sizes of 4 times the fiber length in fiber longitudinal
direction and 6 times the fiber diameter in fiber transverse direction
(4L6D) is selected for UD fiber orientation. For planar fiber orientation,
2 times the fiber length is chosen for the in-plane directions, and 4 times
the fiber diameter is selected for the out-of-plane direction (2L4D).
With these selections, the coefficient of variation is approximately
below 4%, and the difference of the average response compared to the
next RVE size is below 6%. For 3D fiber orientation distributions, an
RVE size of 1.875 times the fiber length in all directions (1.875L) is
selected. This size yields a coefficient of variation of less than 1.5%.
More detailed information about this statistical analysis is provided in
supplementary information, Section 1.

It should be mentioned that both FE and FFT analyses are used
in this study. A comparison is performed to ensure the accuracy of
the obtained results. More details about these simulations and compar-
isons are found in supplementary information, Section 2. Furthermore,
the voxel settings for FFT analysis are detailed below. For UD fiber
orientation RVEs, there are 960 and 56 voxels in length in the fiber
longitudinal and transverse directions, respectively. For planar fiber
orientation RVEs, there are 480 and 40 voxels in length in the in-plane
and out-of-plane directions, respectively. For 3D fiber orientation RVEs,
there are 432 voxels in all directions.

Remark 3. For each distinct material, characterized by a specific fiber
orientation distribution and fiber volume fraction, only one simulation,
either FE or FFT, is incorporated into the data set. Therefore, the
integration of both FE and FFT results within the data set does not
induce fluctuations for the neural networks.

2.4. Data post-processing

After finishing each simulation, the actual orientation tensor, fiber
volume fraction, and stress–strain response are extracted. All extracted
data, except the stress responses, are placed into an input array, and
calculated stresses are inserted into a target output array. Then, the
data are split into training, validation, and test data sets, accounting for
80%, 15% and 5% of the data, respectively. Note that the data with the
same fiber orientation case and employed solver are grouped, and the
splitting of data is performed within these groups. Afterwards, the split
data is combined to form the final training, validation, and test data
sets. This procedure ensures that each data set contains approximately

the same percentage of data with a specific fiber orientation case and
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Table 3
Number of data samples generated to form the full-field data set.

Fiber orientation case Solver Train Valid Test Total

FE 14 2 1 17UD FFT 20 4 1 25

FE 104 20 6 130Planar FFT 100 19 6 125

FE 0 0 0 03D FFT 200 38 12 250

All 438 83 26 547

generated by a particular solver. Table 3 provides the number of data
in the data set for different orientation cases and solvers.

Fig. 1 displays a scatter plot representing the eigenvalues of the
orientation tensor (𝜆1 and 𝜆2) for all generated samples. The color of
each point in the scatter plot represents the fiber volume fraction of the
sample. While the random reference orientation tensor was uniformly
sampled, the actual distribution of orientation tensors is more densely
concentrated around the unidirectional fiber orientation side (𝜆1 = 1).
There are fewer data points in the region corresponding to a random 3D
distribution (𝜆1 = 𝜆2 = 𝜆3 = 0.333) due to the difficulties encountered
in generating complex RVEs.

Fig. 1. Distribution of the generated data in terms of their sorted eigenvalues 𝜆1 and
𝜆2 (𝜆1 ≥ 𝜆2 ≥ 𝜆3) of the orientation tensors. Different colors represent different fiber
volume fractions.

It is worth noting that the total amount of data generated is approx-
imately 0.07% of the mean-field data set used to develop the original
network.

3. RNN model development

The original RNN model was developed by Friemann et al. [37]
using mean-field simulations. It has 13 inputs including 6 unique ori-
entation tensor components, a fiber volume fraction, and a strain path
(a sequence of 6 unique strain tensor components). The inputs were
standardized utilizing the Z-score method with the mean and standard
deviation calculated from the training data set. The RNN architecture
consisted of 3 Gated Recurrent Unit (GRU) layers [46], with 500 hidden
states in each layer. Following the GRU layers, there is a dropout
layer [47] with a 50% dropout rate, and a fully connected layer with 6
neurons. The fully connected layer utilized a linear activation function
to output the stress prediction (a sequence of 6 unique stress tensor
components). The RNN model was developed on a data set consisting of
40,000 samples generated using mean-field simulations. A single com-
bination of a matrix and fiber was considered. However, a variety of
different fiber orientation tensors and fiber volume fractions were con-
sidered. Also, very complex 6-Dimensional strain paths, with 2000 time
4

steps, were generated and used. The developed network demonstrates
a very good performance, and accurate stress–strain predictions are
obtained. However, the obtained accuracy is for low-fidelity mean-field
simulations.

In this study, we have used transfer learning approach to enhance
the RNN model for high-fidelity full-field simulations. The new network
inherits the normalization and trainable parameters from the original
network which are further fine-tuned with a newly generated full-field
data set, with only 547 data samples, each having 100 time steps. Using
this approach, the knowledge learned from the mean-field data set is
used and enhanced in the final network using the small full-field data
set. Fig. 2 shows an illustration of the architecture and the transfer
learning method.

3.1. Training settings

To train the neural network, a loss function needs to be defined.
In this study, the networks were developed utilizing the default loss
function for time-series regression in Matlab, which is the half mean
squared error of the predicted responses for each time step. The loss
function is expressed as

𝑙𝑜𝑠𝑠 = 1
2𝑆

𝑆
∑

𝑖=1

𝑅
∑

𝑗=1
(𝑡𝑖𝑗 − 𝑂𝑖𝑗 )2, (9)

where 𝑆 is the sequence length, 𝑅 is the number of output, 𝑡 is the
target, and 𝑂 is the network prediction.

ADAM optimizer was employed to minimize the loss function, as
it has demonstrated good performance across a wide range of neural
networks. The optimizer parameters, such as gradient decay factor 𝛽1,
squared gradient decay factor 𝛽2, and denominator offset 𝜖 were set
to their default values. These default values were chosen as they are
generally considered suitable for a wide range of neural networks [48].
Also, L2-regularization is used to prevent over-fitting [49] and gradient
clipping is used to prevent exploding gradient [50].

The hyper-parameters are to be optimized, with the majority of ad-
justments focused on parameters related to the learning rate, its decay
during training, and the number of iterations. Although the gradient
threshold is also tuned, it is less likely to be a critical parameter for final
neural network performance. The Bayesian optimization function [51]
in Matlab was used to optimize the training parameters. Considering
the computational time, the maximum number of trials was set to 65,
and the objective was set to minimize the validation loss. Subsequently,
the iteration corresponding to the minimum validation loss from the
best trial was selected as the final network configuration.

3.2. Evaluation metrics

During the neural network training, the loss function is employed
to evaluate the network performance. However, the loss function may
not be an ideal metric for reviewing the neural network performance,
primarily due to its lack of normalization. Therefore, comparing the
results between different test samples with varying magnitudes of stress
is not justified. To address this issue and enable a proper evaluation
of the neural network performance across different test cases, an al-
ternative metric was employed. The equivalent von Mises stress is
used to determine the MeRE and MaRE. By considering the von Mises
stress, which combines multiple components of the stress tensor into
one scalar value with physical meaning, it becomes easier to evaluate
the overall performance of the neural network. The von Mises stress
is calculated at each time step for both the target and network predic-
tion. Subsequently, MeRE and MaRE are calculated by the following
equations:

MeRE =

√

∑𝑇
𝑡=1

(

𝜎𝑡𝑉 − 𝜎̂𝑡𝑉
)2

max(𝜎𝑡𝑉 )𝑇
and MaRE =

max(𝜎𝑡𝑉 − 𝜎̂𝑡𝑉 )

max(𝜎𝑡𝑉 )
, (10)

where 𝜎𝑉 is the target von Mises stress, 𝜎̂𝑉 is the predicted one, the
superscript 𝑡 represents the time step in the sequence, and 𝑇 represents
the number of time steps for the sequence.
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Fig. 2. Network architecture and the transfer learning approach utilizing a large mean-field and a small full-field data set.
Fig. 3. Illustration of the testing procedure for a network trained with longer time
teps compared to the test sample.

. Results

Different networks are trained utilizing data sets with different time
teps, and hence, time steps of the test samples can be a factor when
valuating the networks’ performance. To establish a fair performance
valuation, it is reasonable to use the same time steps that the network
as trained on for predicting test samples. If the network is trained on
higher number of time steps than the test sample, linear interpolation

s applied to the test sample input to allow the network to make predic-
ions with the same time steps used for its training. After obtaining the
rediction, the intermediate predictions are removed before comparing
hem to the target. Fig. 3 illustrates the evaluation procedure. However,
f the sample’s time steps exceed the time steps the network has trained
n, the test input will be fed into the network without any modification.
his case involves testing the ‘‘From scratch’’ network under biaxial
tress loading cases (𝜎11 + 𝜎23 and 𝜎11 + 𝜎22). Full-field simulations for
hese samples did not converge within 100 time steps (with a time
ncrement of 0.01 per step), so they were generated using 200 time
teps (with a time increment of 0.005 per step).

.1. Training results

Initially, a neural network is trained and validated solely utilizing
he full-field data set. This is to investigate the necessity and importance
f using a transfer learning approach. For simplicity, the architecture
f this network will be kept the same as the original network, since it
5

Table 4
Range of training hyper-parameters and their final values.

Parameter Range From scratch Fine-tuned

Maximum epochs [100−800] 729 343
Mini batch size [5−50] 11 40
Initial learning rate [0.0001−0.001] 0.001 0.0003
Learning rate drop period [10−100] 10 23
Learning rate drop factor [0.9−0.99] 0.9772 0.9735
Gradient threshold [0.9−1.1] 1.0906 1.0538

Number of time steps 100 2000 100 2000
Validation loss (MPa2) 99.37 149.5 18.27 17.92

is optimized for a similar task. The network, trained from scratch using
the full-field data set, will be referred to as the ‘‘From scratch’’ network
throughout this paper.

For the network enhancement (fine-tuning using transfer learning),
an issue is the difference in the number of load increments between
mean-field (2000 time steps) and full-field simulations (100 time steps).
To address this, linear interpolation was used to obtain a full-field data
set with 2000 time steps. Then, this 2000 time steps full-field data set
was used to train another version of both ‘‘From scratch’’ and fine-
tuned network. Upon evaluation, a slight improvement in validation
loss was observed for the fine-tuned network, while no improvement
was observed for the ‘‘From scratch’’ network. Therefore, the final
version of the fine-tuned network was trained using the 2000 time
steps full-field data set, whereas the final version of the ‘‘From scratch’’
network was trained using the original 100 time step. Table 4 shows
the optimized training hyper-parameters resulted in a validation loss
of 99.37 MPa2 and 17.92 MPa2 for the ‘‘From scratch’’ and fine-tuned
network, respectively.

Figs. 4(a) and 4(b) display the learning curves of the ‘‘From scratch’’
network using the original 100 and the interpolated 2000 time steps
data, respectively. Figs. 5(a) and 5(b) show the learning curves of the
fine-tuned network using the original 100 and interpolated 2000 time
steps data, respectively. Note that in the fine-tuned network training
plot, the validation loss appears to be lower than the training loss.
This is mainly due to the dropout layer and prior training with a large
mean-field data set. Therefore, the performance can be impacted by the
dropout during training, leading to a higher training loss compared to
the validation loss. On the other hand, for the ‘‘From scratch’’ network,
only a small training data set was used, containing less variety of
features. Therefore the dropout effect on training loss is less profound,

resulting in a lower training loss compared to validation.
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Fig. 4. The learning curve for (a) ‘‘From scratch’’ network trained on original 100 time steps data, (b) ‘‘From scratch’’ network trained on interpolated 2000 time steps data. The
iteration with the lowest validation loss, corresponding to the final network, is marked with a blue circle.
Fig. 5. The learning curve for (a) fine-tuned network trained on original 100 time steps data, and (b) fine-tuned network trained on interpolated 2000 time steps data. The
iteration with the lowest validation loss, corresponding to the final network, is marked with a blue circle.
The results for the test data set with random 6D strain path loading
can be found in Fig. 6, and their precise values can be found in Table
5 in the supplementary information. In this data set, both Mean Rela-
tive Error (MeRE) and Maximum Relative Error (MaRE) values in the
original and ‘‘From scratch’’ networks are approximately 3 and 2 times
higher than that of the fine-tuned network, respectively. The ‘‘From
scratch’’ network also demonstrated better performance compared to
the original network in this test. This can be explained by the fact
that the test data set consisted of full-field data, whereas the original
network was trained on mean-field data. Consequently, there exists a
natural divergence between the predictions of the original network and
the target values in the test data set.

4.2. Specific loading test result

To evaluate the performance of the neural network under more
specific loading conditions, five loading cases were tested. These in-
6

cluded: (i) uniaxial stress in normal (𝜎11) direction, (ii) uniaxial stress
in shear (𝜎12) direction, (iii) biaxial stress in two normal (𝜎11 + 𝜎22)
directions, (iv) biaxial stress in normal and shear (𝜎11 +𝜎23) directions,
(v) plane strain in two normal (𝜀11 + 𝜀22) directions. Each loading case
involves applying the corresponding strain components for a single
cyclic loading from 0 to 0.035, then to −0.035, and back to 0. For
uniaxial and biaxial stress loading states, Digimat-FE will calculate the
remaining strain components to keep other stress components null.
While for plane strain loading, other strain components are kept at
0. Ten different RVEs were generated from distinct random reference
orientation tensors. Additionally, an extra sample with properties close
to random 3D orientation was created to demonstrate the models’
performance, given the lack of training data for such cases. Table 5
provides the properties of each RVE. Each RVE was subjected to all five
specific loading cases. Samples 1 to 10 were generated from random
reference orientation tensors, while Sample 11 represented a random
3D orientation case.

The results for the specific loading test are presented in Fig. 7,

and their precise values can be found in Table 6 of the supplementary
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Fig. 6. Average mean relative error (MeRE) and maximum relative error (MaRE) results for the test data set.
Table 5
Orientation tensor components, fiber volume fraction, and sorted eigenvalues (𝜆1 ≥ 𝜆2 ≥ 𝜆3) for each of the specific test sample.

Sample 𝑎11 𝑎22 𝑎33 𝑎12 𝑎13 𝑎23 𝑣𝑓 𝜆1 𝜆2 𝜆3
#1 0.0197 0.4926 0.4877 0.0172 −0.0223 0.2963 0.1152 0.7865 0.1982 0.0153
#2 0.5193 0.3062 0.1745 0.0613 −0.1175 −0.1690 0.1320 0.6022 0.3479 0.0499
#3 0.6291 0.2851 0.0858 0.3868 0.0636 0.0443 0.1409 0.8879 0.0785 0.0336
#4 0.7748 0.0946 0.1306 0.0540 0.1060 −0.0576 0.1142 0.7946 0.1689 0.0365
#5 0.4435 0.2642 0.2923 −0.2709 −0.0629 0.0234 0.1314 0.6509 0.2820 0.0670
#6 0.2408 0.5046 0.2546 −0.0893 0.0170 0.0649 0.1247 0.5434 0.2661 0.1905
#7 0.4557 0.4060 0.1383 0.0162 0.0231 −0.0640 0.1113 0.4606 0.4177 0.1217
#8 0.0644 0.5045 0.4311 0.1398 −0.1217 −0.3498 0.1289 0.8625 0.1162 0.0213
#9 0.2640 0.2657 0.4703 −0.1617 −0.1163 −0.1418 0.1191 0.5480 0.4243 0.0278
#10 0.3212 0.5478 0.1310 −0.3797 −0.2013 0.2590 0.1481 0.9604 0.0393 0.0003
#11 0.3261 0.3228 0.3511 −0.0061 −0.0036 −0.0098 0.1250 0.3543 0.3304 0.3153
information. In the specific loading test, both average MeRE and MaRE
in the original and ‘‘From scratch’’ networks are over 2 and 3.5 times
higher, respectively, than that of the fine-tuned network. It is notewor-
thy that the ‘‘From scratch’’ network performance is worse than the
original network, and both MeRE and MaRE are approximately 3 times
higher in the specific loading test compared to the test data set.

Fig. 8(a) shows the stress–strain plot for sample 2 under a uniaxial
stress loading. The ‘‘From scratch’’ network exhibits poor prediction
performance, particularly during the unloading phase. The original
network generally outperforms the ‘‘From scratch’’ network. However,
inaccuracies are still clear at different stages of the deformation. These
inaccuracies can be attributed to the mean-field nature of data used for
training the original network. The fine-tuned network demonstrates a
significant improvement compared to both other networks. Fig. 8(b)
shows the result for sample 4 under a plane strain loading. Once
again, the ‘‘From scratch’’ network exhibits poor prediction perfor-
mance, mainly for the shear stress components (𝜎12, 𝜎23 and 𝜎13). Its
predictions fail to capture the general trend of the target, indicating
that the amount of data is insufficient for it to handle different types of
loading. On the other hand, the original network is capable of making
predictions that follow the trend of the target, although it tends to over
or under-estimate the stress values. The fine-tuned network gives the
most accurate prediction for all stress components.

5. Discussion

To apply the transfer learning technique, different approaches have
been explored. Initially, an attempt was given to a partial fine-tuning by
freezing some of the parameters of the original model and fine-tuning
the remaining trainable parameters using the high-fidelity data. How-
ever, it was found that fine-tuning all trainable parameters consistently
yields better performance. Both the test data set results and specific
loading test results have demonstrated a significant performance gain of
the fine-tuned network over ‘‘From scratch’’ and original networks. The
7

specific loading test further highlighted the necessity and benefits of
using the transfer learning approach. When handling loading conditions
that are absent from the training data, a large amount of training data
is required to provide sufficient information for the network to properly
handle these cases. Since the ‘‘From scratch’’ network is trained on a
very small full-field data set, its performance is much worse than the
fine-tuned network and even the original network. On the other hand,
the fine-tuned network was first trained with a significantly larger
mean-field data set before fine-tuning with a small full-field data set,
enabling it to handle unseen loading conditions with highly accurate
predictions. Furthermore, although the training data set lacks samples
in the random 3D orientation region, results for the random 3D sample
in the specific test demonstrate that the neural network can interpolate
the training data and provide enhanced prediction for this sample as
well.

In Fig. 8(b), it can be observed that for stress components with
low magnitudes, the networks’ relative error is high, however, the
absolute error is small. This can be attributed to the use of the half
mean square loss function to develop the networks, which emphasizes
on large absolute differences between target and output stress values.
Using a different loss function, such as mean absolute error or mean
absolute percentage error, could potentially reduce the relative error
when the stress values are small. However, it is uncertain how different
loss functions will impact the overall performance of the networks.

It should be mentioned that to acquire sufficient data (similar to
the mean-field data set) to train a network solely relying on full-field
data, approximately 90 years of computational time (calculated with
1.875L 3D RVE FFT analysis running on NVIDIA RTX A4500) is needed.
Using the transfer learning approach remarkably reduces the amount of
required full-field data to develop the neural network.

Using a neural network for modeling SFRC has a few advantages
over a traditional full-field method. First, as the neural network uses
the orientation tensor and volume fraction as inputs, SFRC can be
modeled with desired properties and a full-field level of accuracy with-
out a trial-and-error process of generating a proper RVE realization.

Furthermore, the neural network uses weights and biases to store
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Fig. 7. Results for the specific loading tests for original (left), ‘‘From scratch’’ (middle), and fine-tuned (right) networks. Different colors represent various loading cases, with the
ine above each bar indicating the MaRE for the corresponding case.
he learned knowledge, significantly reducing the amount of memory
nd computational time needed. For example, a full-field simulation
equires approximately 13,873 MB of graphics memory and 50 min
o complete (1.875L 3D RVE FFT analysis running on NVIDIA RTX
4500). In contrast, the size of the neural network only takes up 13.4
B, and a prediction can be completed within 1 s.

Despite the great performance of the developed network, there are
lso limitations to be addressed. Firstly, the current deterministic net-
ork is unable to address uncertainties. Potential uncertainties could
e attributed to the different responses of different RVE realizations,
8

and existing uncertainties in materials properties (such as properties of
natural fibers). There are different possible approaches to capture un-
certainties in an RNN, including Bayesian Recurrent Neural Networks
(BRNN) (see e.g., [52]) or approximating BRNN using Monte Carlo
dropout for RNN [53,54]. Furthermore, although a variety of orienta-
tion tensors and fiber volume fractions are considered, the versatility of
the network is limited due to the fixed constitutive properties of matrix
and fibers. A more comprehensive model should consider a variety of
matrix and fiber properties.
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Fig. 8. Specific loading test results for the original, ‘‘From scratch’’ and fine-tuned networks: (a) stress–strain plot for sample 2 under a uniaxial stress (𝜎11) loading, (b) stress
results for sample 4 under a plane strain (𝜀11 + 𝜀22) loading.
6. Conclusions

In this paper, we proposed an efficient approach for highly accurate
and remarkably efficient surrogate modeling of SFRCs. This approach
essentially requires two data sets: (i) a low-fidelity data set with a
large amount of data, and (ii) a high-fidelity data set with a limited
amount of data. A previously developed RNN model using low-fidelity
mean-field simulations were used together with a limited data set from
high-fidelity full-field simulations. Transfer Learning technique was
used to transfer the knowledge from the initial network to a newly
trained network using the high-fidelity data set. Due to the time-series
nature of data and the path-dependency of the plastic behavior, a GRU
architecture, as a particular form of RNNs, was used. The developed
network showed a great performance for predicting high-fidelity full-
field simulations in a remarkably quick and efficient manner. Not only
accurate analysis of SFRCs is enabled, but also efficient design of new
SFRCs (considering required macroscopic properties) is possible using
the RNN model. The proposed approach in this paper can be efficiently
used for other material systems and other physical problems, as well.
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