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Abstract. For material screening, qualification, and certification of aerospace composites, it
is essential to establish statistical design properties that account for both inherent material
variability and process-induced uncertainty. Regulatory standards require the determination
of A-basis and B-basis statistical values as conservative lower bound design allowables. At
present, allowables are determined through extensive experimental campaigns, which are
costly and time-consuming, thereby limiting the exploration of new material systems. In this
work, we present a multiscale, multi-fidelity process-failure modeling framework that enables
the digital prediction of allowables. The framework integrates thermo-chemical-mechanical
process simulations with stochastic multi-fidelity failure simulations to capture the effects of
curing-induced properties, residual stresses, and microstructural variability on mechanical
performance. Machine learning surrogate models, trained via transfer learning, accelerate
uncertainty propagation across scales, while Bayesian inference leverages limited
experimental data to quantify uncertain parameters. High-fidelity macroscale failure
simulations then predict tensile strength distributions from which A- and B-basis allowables
are estimated. Application to Hexcel AS4/8552 cross-ply laminates demonstrates close
agreement with test data, with conservative predictions of statistical allowables. By
combining stochastic process-failure simulations with machine learning, this framework
establishes a predictive pathway for estimating allowables and reducing the extent of costly

experiments required during composite qualification and certification.
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1 Introduction

Composite materials, particularly carbon fiber-reinforced polymers (CFRPs), have become
indispensable in modern aerospace structures due to their exceptional specific stiffness and
strength, corrosion resistance, and design flexibility [1-3]. Aircraft such as the Boeing 787 and
Airbus A350 utilize more than 50% composites by weight, enabling improvements in fuel
efficiency and performance, as well as accelerating the assembly rate due to part consolidation
[4]. However, the widespread adoption of composites in safety-critical structures is constrained
by challenges in predicting their performance under various conditions. Unlike metals, which
exhibit relatively homogeneous and predictable properties, composite performance depends on
material variability and complex interactions between fibers, matrix, and layers across multiple
length scales, as well as uncertainties during processing [5-7].

To ensure safety and reliability, aerospace certification requires establishing statistical design
properties that capture both material variability and processing uncertainty through repeated
coupon-level experiments. These values, known as design allowables, are conservative lower
bounds used in structural design. Specifically, the A-basis allowable corresponds to the 1*
percentile of the property distribution with 95% confidence, while the B-basis allowable
corresponds to the 10" percentile with 95% confidence [8,9]. These allowables are fundamental
to the design and certification of composite structures, yet they are currently obtained
exclusively through comprehensive testing campaigns [10].

The experimental “building block” approach, in which thousands of coupons, elements, and
subcomponents are tested across different batches, layups, and environmental conditions, is
both time-consuming and expensive [11,12]. Such efforts are typically integrated across
multiple stages of design and can span several years. While this costly approach is essential for
certifying the airworthiness of composite aircraft, it significantly constrains the exploration of
novel materials and manufacturing processes [13]. Although the certification approach based
on analysis supported by testing requires extensive simulations at every level of the building
block pyramid [9], design allowables are still determined from extensive testing to account for
material and process variabilities. A predictive, simulation-informed pathway to estimate
statistical design values, including A- and B-basis allowables, would therefore represent a
transformative step in the certification of aerospace composites [13—15].

A major barrier is the multiscale and stochastic origin of uncertainty in composites.
Variability arises at the constituent level, where fiber and matrix respective properties and

microstructural morphology may vary [16—18]. These local variations, coupled with processing
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variability, propagate across plies and laminates, manifesting as scatter in macro responses
[19,20]. In practice, integrated process and failure analyses are rarely conducted, and even
when they are, it remains difficult to represent the complex nature of material and process
variability or the effects of manufacturing defects [21-27]. Capturing such effects requires
stochastic analyses informed by the underlying distributions and correlations of these
uncertainties which are often unavailable. Process-induced effects such as residual stresses and
porosity further contribute to variability [28-30]. As a result, single-scale or homogenized
models cannot adequately represent these cascades of uncertainty. Hence, an integrated
process-failure simulation framework must operate stochastically across scales to track how
small-scale variability influences material performance [31-33].

Equally challenging is the trade-off between predictive fidelity and computational cost. High-
fidelity micromechanical Finite Element (FE) simulations can capture the underlying physical
mechanisms, but their computational cost prohibits their use in large stochastic analyses
[34,35]. Conversely, low-fidelity or reduced-order models are computationally efficient but
lack sufficient accuracy for certification-relevant predictions [36]. Multi-fidelity modeling,
which combines the efficiency of low-fidelity simulations with the accuracy of high-fidelity
ones, has emerged as a promising strategy [37,38]. Machine learning—based surrogate models
can further integrate these fidelity levels, enabling efficient quantification and propagation of
uncertainties across scales and throughout processing and failure stages, while retaining
physics-based accuracy [39-42].

A related challenge lies in representing manufacturing uncertainties through process
simulations. Composite properties are strongly affected by thermo-chemo-mechanical events
during processing. For example, in thermoset composites processed in autoclaves, variations
in heat transfer, resin flow, fiber-bed compaction, and degree of cure evolution, together with
the development of residual stresses, directly influence the microstructure and behavior of the
cured material, ultimately contributing to scatter in mechanical response [43—45]. Processing
defects are another source of uncertainty in composites. Numerous studies have demonstrated
that porosity, fiber waviness, and other manufacturing-induced anomalies significantly degrade
mechanical properties such as stiffness, strength, and fatigue life [13,46]. Hence, explicitly
incorporating process physics into uncertainty quantification is essential to link manufacturing
variability with failure behavior [47,48].

Recent advances in machine learning (ML) have further expanded opportunities for predictive

modeling of both process and failure in composites [49,50]. However, purely data-driven
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approaches, may face challenges due to limited experimental datasets, fragmented data sources,
and a lack of physical interpretability. In contrast, physics-based simulations provide
mechanistic fidelity but are computationally expensive. A hybrid approach, in which machine
learning accelerates physics-based simulations, offers a compelling balance between efficiency
and physical consistency, enabling interpretable uncertainty quantification [51-53].

In this work, we address these challenges by developing a unified stochastic process—failure
simulation framework for estimating statistical allowables in aerospace composites. The
framework combines multiscale simulations, multi-fidelity modeling, and machine learning to
quantify uncertainties and their effects on statistical performance of composites. Additionally,
our approach leverages limited experimental data for calibration and uncertainty quantification.
This enables digital prediction of A- and B-basis allowables, offering a new pathway to reduce

experimental demands and accelerate certification.

2  Methodology

2.1 Workflow Overview

As illustrated in Fig. 1, the workflow combines process simulations, stochastic multiscale
failure analyses, ML surrogate modeling, and Bayesian inference to efficiently quantify and
propagate uncertainties across scales and digitally estimate A- and B-basis allowables. The
workflow consists of eight sequential steps, which are explained in detail below, and are
explicitly identified in Fig. 1:

(1) Prior Distributions

The workflow begins by defining probabilistic input distributions for key material and process
parameters, including resin weight fraction, fiber aerial weight, and heat transfer coefficients.
Since most of these distributions cannot be characterized exactly, we first define realistic
ranges informed by available data. These prior distributions are subsequently refined through
calibration using observations from our experimental tests.

(2) Cured Ply-Thickness Distribution Estimation

Using the prepreg prior distributions of properties (fiber areal weight, FAW, and matrix weight
fraction, W), we estimate the cured ply thickness and verify against experimental data if
available.

(3) Stochastic Macroscale Thermo-Chemical Process Simulation
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In this step, we perform stochastic 1D macroscale thermo-chemical process simulations
through the thickness of both the part and the tool, accounting for convective heating in an
autoclave. The temperature cure cycle, the cured ply-thickness, the lay-up, the tooling material,
and the tooling thickness are all modeled explicitly. Heat-transfer-coefficient distributions
above the part and beneath the tool are also incorporated. Each simulation samples from
probabilistic inputs to capture natural variability in the thermal and cure response. Using these
inputs, we compute the through-thickness temperature history and the degree-of-cure
evolution. This analysis requires a cure-kinetics model for the resin and total heat-of-reaction,
along with temperature- and cure-dependent thermal properties of the resin, fiber, and tool
(conductivity and specific heat). In this study, these parameters are treated as fixed values (i.e.,
not assigned probabilistic distributions). The resulting temperature and cure histories enable
prediction of the evolving composite mechanical properties in subsequent steps.

(4) Microscale RVE Generation

To continue the multiscale workflow, we generate 2D realistic local microstructures to serve
as the microscale Representative Volume Element (RVE). We use a Smoothed Particle
Hydrodynamics (SPH)-based packing algorithm to simulate the random distribution of fibers
within the RVE, following the methodology developed by Husseini et al. [54]. This produces
statistically representative microstructures that reflect realistic fiber spacing and packing
variability.

(5) Stochastic Microscale Thermo-Mechanical Process Simulation

Given the generated RVEs and the temperature and degree-of-cure histories from the 1D
thermo-chemical simulation, we perform a 2D microscale thermo-mechanical analysis. Cure
Hardening Instantaneously Linear Elastic (CHILE) method [55,56], which is a pseudo-
viscoelastic constitutive model, is employed to track the evolution of residual stresses and
cured material properties within the heterogeneous microstructure. For stochastic analysis,
variations in evolution of properties during cure, including modulus, cure shrinkage, and
coefficient of thermal expansions are considered.

(6) Stochastic Microscale Failure Simulation (High and Low-Fidelity)

Using the predicted residual-stresses, we perform stochastic microscale failure simulations at
two fidelity levels. High-fidelity models resolve detailed fracture mechanics and local failure
modes, while low-fidelity models provide computationally efficient approximations suitable
for large-scale sampling. Data generation continues until a sufficiently large database is built

to characterize the statistical distribution of microscale strength and failure behavior.
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(7) Multi-Fidelity Surrogate Modeling and Bayesian Uncertainty Calibration

Once the simulation database is established, a multi-fidelity surrogate model is trained and
used to perform uncertainty quantification through Bayesian inference-based calibration. The
model predictions are combined with experimental transverse-tension data, and a Markov
Chain Monte Carlo (MCMC) procedure is used to update the uncertain input parameters. This
calibration step ensures that the simulated responses are statistically consistent with the
experimental observations and produces posterior input distributions that reflect true material
and process variability.

(8) Uncertainty Propagation and Allowables Prediction

Finally, the calibrated (posterior) input distributions are propagated through the entire
stochastic process—failure simulation framework. By repeatedly sampling these inputs, running
the multiscale workflow, and performing a high-fidelity macroscale failure simulation of a
cross-ply laminate, we generate probabilistic strength distributions and compute the
corresponding A- and B-basis allowables. The predicted allowables are then compared against

cross-ply experimental results to validate the full framework.
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Fig. 1. The flowchart representing the presented eight-step workflow used to predict statistical allowables in
composites through integrated multiscale process-failure simulations and machine learning.

2.2 Thermo-Chemical & Thermo-Mechanical Process Modeling

Upon defining the probabilistic input ranges and determining the ply thicknesses, the decoupled
multiscale process simulation proceeds in two stages: (i) stochastic 1D thermo-chemical
simulation of the tool-part system at the macroscale, followed by (ii) stochastic microscale

thermo-mechanical analysis of the prepreg to evaluate residual stress.
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This study employs a one-dimensional process simulation framework to model the curing of
composite laminates in an autoclave, considering coupled conduction and convective heat
transfer, and polymerization heat generation during cure. At each FE time step, the model
solves for temperature and degree of cure, from which the glass-transition temperature (71',)
and all temperature-/cure-dependent properties are updated, including cure shrinkage, thermal
expansion coefficients, specific heat capacity, thermal conductivity, and the evolving
resin/lamina modulus. This simulation therefore predicts the through-thickness evolution of
key properties such as degree of cure, T;, modulus, and cure shrinkage over the thermal cycle
[57].

Finally, residual stresses generated during cure are estimated using the CHILE pseudo-
viscoelastic model at the microscale, which accounts for cure-dependent modulus evolution
and mismatch of free strains [34]. Other contributing factors including tool-part interaction
during cure are ignored in this analysis. In Fig. 2 below, a schematic representation of the
macroscale 1D autoclave cure simulation and a sample for the 2D microstructure and residual

stress buildup are shown.
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Fig. 1. Schematic of thermo-chemical-mechanical process simulation and sample results for distribution of
residual stresses at the micro scale.

To analyze the curing behavior of composite, stochastic one-dimensional thermo-chemical
simulations were conducted through the thickness of the part and tool, while subjected to
convective heating (See Fig. 2). In addition to cure kinetics model and resin heat of reaction,
thermal properties of tool and part, as well as physical prepreg properties such as matrix weight
fraction and thickness are needed. In this study, for stochastic analysis, only heat transfer

coefficients and prepreg physical properties were varied, while thermal properties were
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considered constant. However, variation in other parameters can also be included using the
same framework.
Next, to capture the development of residual stresses during the curing, CHILE method was

implemented for thermo-mechanical analysis where residual stress |t/ is computed by:

de- deg,,

= dr @)

oldl=[ E'IT, d

In this formulation, E'|T, «ais the storage modulus of the resin as a function of temperature (
T) and degree of cure (a). The term ¢ refers to the total strain, while €., denotes the strain
induced by thermal expansion/shrinkage and cure shrinkage.

Fig. 3 illustrates the schematic representation of the cure process and displays representative
results, including the air (T,;) and part (T ) temperature histories, along with the evolution
of the degree of cure (DoC) and T, throughout the cure cycle. The simulation outputs the
evolution of residual stresses during the curing process. In this figure, the volume-averaged

residual stress at each instant is shown for the entire microstructural RVE.
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Fig. 1. Thermo-chemical cure history (air and part temperatures, DoC, and T,) together with the
corresponding thermo-mechanical response, shown here as the evolution of the volume-averaged residual
stress predicted using the CHILE model.

2.3 Multi-fidelity Microscale Failure Simulation

For this phase of the simulation process, we employed a Continuum Damage Mechanics
(CDM) approach in combination with the Crack Band Fracture Model (CBFM) at two distinct
fidelity levels defined by the discretization density. The CBFM is a strain-softening, fracture-
energy—regularized constitutive framework, originally introduced by Bazant and Oh (1983)

[29], that ensures numerical objectivity by relating the softening response to a characteristic
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material length scale. This framework is particularly suited for capturing localized failure
mechanisms within the constituent phases, as it ensures that damage localization within an
element dissipates the correct amount of fracture energy.

For computational implementation, we employed the COMSOL Multiphysics FE package.
The realistic RVEs, generated using SPH analysis, were reconstructed in COMSOL at two
resolutions. A coarser mesh consisting of approximately 25000 triangular elements was used
for the lower-fidelity simulations, while a finer mesh of approximately triangular 400000 (~16
times the low-fidelity) elements was used for the high-fidelity simulations. A linear softening
law was adopted for the matrix constituents, where the ultimate failure strain was calibrated
based on matrix fracture energy and element characteristic length, following the CBFM
regularization procedure [29,58,59]. For the failure simulation, we constrained the RVE nodes
on one side in the horizontal direction and applied a tensile displacement corresponding to 2%
strain on the opposite side along the same axis.

Each failure simulation required approximately 2—3 minutes for the low-fidelity case and 10—
15 minutes for the high-fidelity case on a standard computer workstation with an Intel Core i9-

12900K processor and 64 GB of RAM. A representative RVE configuration and corresponding

meshes are shown in Fig. 4 For comparison.
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Fig. 1. Representative 2D microscale RVEs with high-fidelity (left) and low-fidelity (right) finite element
meshes.
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2.4 Multi-fidelity Surrogate Modeling

After collecting sufficient data from the previous step, a multi-fidelity surrogate model was
developed using a deep transfer learning (TL) framework. A deep neural network was pre-
trained on low-fidelity simulation data to capture the global response of the RVE and
subsequently fine-tuned using limited high-fidelity simulation results to capture local
mechanistic nuances. In this setup, the pre-trained weights were retained, with retraining
-initially applied only to the final output layer. This approach leverages the hierarchical nature
of feature extraction that the early layers of a neural network capture general, fundamental
features of the design space, while deeper layers specialize in fine-grained, task-specific details
[60,61]. By preserving the initial layers, the model retains dominant physical trends from the
low-fidelity data, while adapting the final layers to correct the fidelity-dependent bias.

Once the output layer was retrained, additional hidden layers were progressively unfrozen in
a layer-wise backward fashion to identify the optimal balance between shared low-fidelity
representations and high-fidelity specialization. The architecture consisted of an input layer,
ten fully connected hidden layers, and an output layer. Hyperparameters of the initial low-
fidelity model were optimized using randomized cross-validation, and model accuracy was
assessed using RMSE, MAE, and R® metrics. The overall TL process is schematically

illustrated in Fig. 5 below.
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Fig. 1. Schematic illustrating the presented gradual transfer learning process, with retraining initiated at the
final (output) layer.
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This multi-fidelity surrogate modeling strategy combines the computational efficiency of
low-fidelity simulations with the accuracy of high-fidelity data. Pre-training on low-fidelity
data enables the model to capture dominant physical trends, while fine-tuning with limited
high-fidelity results refines predictive accuracy. This approach improves data efficiency when
high-fidelity data are limited and supports surrogate-based uncertainty propagation in

subsequent calibration and allowables estimation steps.

2.5 Bayesian MCMC Calibration

Upon training the surrogate model (which can evaluate the forward response in milliseconds),
we proceed with Bayesian calibration using MCMC. For this step, we used the Python library
emcee, which implements the affine-invariant ensemble sampler (i.e., an ensemble of
“walkers”) proposed by Goodman and Weare (2010) [62]. This sampling strategy in complex
multi-parameter spaces. It estimates input parameter distributions by sampling from the

Bayesian posterior [63-65]:

p(6|y)e<ply]|6)p(6) 1)

In this equation, p(6 | y) is the posterior distribution of input parameters 6 given data y,
p(y | 8) is the likelihood of observing the data for a given parameter set, and p (6 ) is the prior
belief about the parameters before observing the data. In our framework, the surrogate model
M { serves as the forward operator linking uncertain material and process parameters to the
predicted responses used in the calibration. This surrogate-based calibration enables Bayesian
inference at a computational cost that would be impractical using direct FE evaluations [66,67].

Priors p(0) are chosen as uniform or weakly informative distributions based on physically
admissible ranges or prior studies. The ensemble sampler initializes multiple walkers within
the prior ranges, performs burn-in, and generates posterior samples. Convergence is assessed
using standard chain diagnostics, including integrated autocorrelation time and trace plots.
Once posterior samples {G(k)}are obtained, they are propagated through the surrogate to

compute posterior predictive distributions of any response quantity [68]:

N
1 © ..
P (e | )’)NFZMCO (1)

s k=1

Similar surrogate-accelerated Bayesian methodologies have been successfully demonstrated

for progressive damage, viscoplasticity, and multiscale constitutive laws [16,66,69].
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2.6 Uncertainty Propagation and Allowables Predictions

With the posterior distributions of the uncertain inputs obtained from MCMC calibration, we
propagate these refined uncertainties through the full process simulation chain by re-running
the macroscale thermo-chemical cure simulation and microscale thermo-mechanical residual
stress estimation. Using the calibrated parameter sets, the curing model recomputes the
evolution of degree of cure, modulus, free strains, and the resulting CHILE-based residual
stresses, thereby generating process-induced states consistent with the calibrated uncertainties.
These updated post-cure properties and residual stresses are then applied in the high-fidelity
macroscale failure simulation of the laminate, producing a posterior-consistent strength. This
step completes the uncertainty-propagation loop and provides the statistically representative
distributions required to estimate A- and B-basis allowables.

For this step of the simulation framework, we used two different models to predict the failure
response for macroscale cross-ply laminate. The first model consists of an RVE of two 90-
degree plies sandwiched between two 0-degree plies to represent a [0/90].s laminate. The width
of this RVE was chosen as 10 times the thickness of a layer (~1.8-1.9 mm). Each 90-degree
ply contains approximately 5000 fibers, while the 0-degree plies were modeled as a
homogenized continuum without explicitly modeling fibers. Each simulation at this scale
requires approximately 1-2 hours.

A free 2D triangular mesh was generated in COMSOL, consistent with the microscale
simulations, for all 0° and 90° plies. A coarser mesh was used in the 0° layers away from the
90° plies. CBFM was employed to simulate failure, with elastic and failure properties of the 0°
ply were taken from NCAMP data [12]. For the boundary conditions, nodes on the left side of
the RVE were restricted in the horizontal direction, and a tensile displacement was applied to
nodes on the right side along the same axis to drive failure in the cross-ply RVE.

The second approach employed in this step utilized the orthotropic continuum damage
mechanics model (MAT 261) in LS-DYNA to simulate progressive failure of the [0/90].s cross-
ply coupon. MAT 261 explicitly represents each ply, allowing layer-wise stress redistribution,
stiffness degradation, and interlaminar interactions. The formulation incorporates distinct
damage variables for fiber and matrix under tension, compression, and shear, with their
evolution governed by energy-based criteria linked to constituent strengths and fracture

energies.
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This enables differentiation between fiber-dominated and matrix-dominated failures,
capturing crack initiation in 90° plies and subsequent load transfer to 0° plies. This model does
not explicitly include fiber configurations or local residual stresses; however, inter-ply
delamination is captured through tie-break contacts between the adjacent layers. The coupon
geometry was divided into three sections of fine and coarse mesh, to reduce the run-time. An
illustration of this model is available below in Fig. 6. In the fine-mesh region, the element size
was set to 0.5)0.5 mm?, with one element through the thickness of each layer. In the coarse-
mesh regions, the element size was increased to 1.5 1.5 mm?, while maintaining one element
through the thickness of each layer. Mass scaling and damping were applied to reduce dynamic

artifacts and improve convergence, consistent with the explicit LS-DYNA formulation.

25.4 mm

wur 06 1

Fig. 1. Nllustration of the LS-DYNA cross-ply laminate model. The mesh size is (1.5 1.5 mm?) and (0.5)<0.5 mm?) for the
coarser and finer mesh regions respectively. There is one element through the thickness for each layer in both areas.

3  Case Study: AS4/8552 Material System and Models

3.1 Material Description and Modeling Framework

The material system selected for this study is the HEXCEL AS4/8552 unidirectional (UD)
prepreg [33,35]. AS4/8552 is a high-performance, aerospace-grade carbon/epoxy system
consisting of high-strength AS4 fibers and a toughened 8552 epoxy matrix. The prepreg used
in this study has a nominal fiber areal weight of 190 g/m? and a nominal resin content of 35%
by weight [12]. Its thermo-chemical and thermo-mechanical properties, as well as its

translaminar failure characteristics, have been extensively characterized and reported in the
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literature [25-27,34,70-72], making it a representative and well-documented material system
for both process and damage simulation.

Statistically robust material properties were sourced from the National Center for Advanced
Materials Performance (NCAMP) dataset for Hexcel AS4/8552 [12]. These certification-grade
datasets were generated through large multi-batch testing campaigns following, yielding
statistical measurements of elastic and failure properties, and corresponding A- and B-basis
allowables. Because NCAMP data quantify the inherent material and process variability, they
serve as a critical reference for both parameter calibration and validation of probabilistic
modeling framework proposed herein.

To simulate the thermo-chemical and thermo-mechanical evolution during the cure cycle, a
comprehensive set of state-dependent constitutive models was employed. The process model
incorporates equations for cure kinetics and chemical shrinkage, alongside models for thermal
conductivity, specific heat capacity and coefficients of thermal expansion. While the fiber
properties were defined as temperature-dependent, the matrix properties were modeled as
functions of both temperature and the degree of cure. Additionally, a model for glass transition
temperature was utilized to govern the transition between the rubbery and glassy states, directly
affecting the evolution of resin properties. All governing equations and material parameters
were sourced from validated literature for the AS4/8552 material system [34,70,72,73]. This
ensures that the framework accurately captures the path-dependent development of material

properties and residual stresses.

3.2 Prior Ranges

To implement the Bayesian calibration framework discussed previously, initial prior
probability distributions were assigned to the material properties and process parameters. These
priors were selected based on a combination of literature data and domain-specific knowledge
to ensure the parameters remain within physically admissible bounds. These initial
distributions served as the starting point for the stochastic analysis and were subsequently
refined through a Bayesian reverse calibration approach using experimental observations and
MCMC sampling. The initial stochastic variables and their corresponding prior ranges are
summarized in Table 1. The output parameters were the RVE modulus and strength, which

were trained separately.

Table 1. Prior input distributions

NO. DEFINITION NAME RANGE
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1 Heat Transfer Coefficient (Part) HTC Dot N ( 60,12) [W/(m2K)]
2 Heat Transfer Coefficient (Tool) HTC,, N(40,8)[W/(m%kK)]
3 Matrix Weight Fraction W, U (0.343,0.357)

4 Fiber Aerial Weight FAW U (0.186,0.194) [kg/m’]
5 Matrix Strength S, U (72,88) [MPa]

6 Matrix Fracture Energy G fom U(135,165) [J/m?]

7 Matrix Final Modulus E . inf U (2.925,3.575) [GPa]
8 Fiber Longitudinal Modulus E 1, U (204.3,249.7) [GPa]
9 Fiber Transverse Modulus E 3.1 U (15.48,18.92) [GPa]
10 Initial Degree of Cure Xo U (0.005,0.05)

4 Results and Discussion

4.1 Microscale FE Simulation Results

As described, the process simulation followed a decoupled approach. Initially, the thermo-
chemical simulation was conducted to determine the evolution of degree of cure, which
subsequently used to calculate the evolution of the resin modulus and process-induced free
strains (chemical shrinkage and thermal expansion). Local residual stresses were then
calculated within the 2D RVE configuration using the pseudo-viscoelastic CHILE constitutive
framework. Residual stresses estimation was performed at both microscale and macroscale
levels prior to conducting progressive damage simulations. Representative residual stress
distributions are illustrated in Fig. 7. Subsequently, failure simulation was performed on the
generated RVEs in two fidelities via the CBFM. A total of 1,000 simulations were performed
using the low-fidelity model and 200 simulations using the high-fidelity model. Examples of

the final failure patterns for both low and high-fidelity simulations are presented in Fig. 8.

15


https://doi.org/10.1016/j.compositesb.2026.114051

PREPRINT | NOT PEER REVIEWED VOR: doi.org/10.1016/j.compositesb.2026.114051

Fig. 1. Examples of predicted process-induced residual stress distributions within the 2D AS4/8552
microscale RVE after the cure cycle.

4.2 Multi-fidelity Surrogate Modeling and Bayesian Calibration Results

i. Global Sensitivity Analysis

Upon establishing the multi-fidelity datasets, a surrogate modeling framework was initiated.
To ensure the computational efficiency of the Bayesian inference, a dimensionality reduction
was performed. First, a variance-based Global Sensitivity Analysis (GSA) using Sobol’ indices
was performed to identify the most influential parameters. This analysis was conducted
independently for the elastic and failure datasets, and the important parameters were ranked
based on their total-effect indices. E3; fand W, were chosen for elastic surrogate modeling and
MCMC calibration, and S,, and G; ,, for failure, along with E,, ;, which were present in both

analyses. Fig. 9 shows sensitivity analysis results for both RVE modulus and strength.
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Fig. 1. Comparison of predicted failure morphologies for the AS4/8552 microstructure: low-fidelity (top)
and high-fidelity (bottom) CBFM frameworks.
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Fig. 1. Sobol' sensitivity indices for the RVE elastic modulus (left) and ultimate strength (right).

ii. Multi-fidelity Surrogate Modeling

Using the reduced parameter set, a multi-fidelity neural network was trained via transfer
learning, employing a model trained with the large low-fidelity dataset (n = 1000) as the base
architecture. The hyperparameter tuning process was performed on the low-fidelity dataset and
then applied to the multi-fidelity neural network. The low fidelity model’s hyperparameter

ranges and optimized values for predicting RVE strength are listed in Table 2.
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Table 1. Low-fidelity neural network hyperparameters optimization and training score

Description Search ranges Selected values/Score
Activation function for hidden layers ‘elu’,’relu’,’tanh’ ‘elu’
Number of neurons per hidden layer 8,16,32,64 16
Learning rate 0.1,0.01,0.001 0.01
Epoch 100,200,300 100
Batch size 16,32,64 64
Optimizer ‘Adam’ ‘Adam’
Loss function - ‘MSE’
Cross-validation size - 16%
Test size - 20%
Training Score (R?) - 96.2%

To optimize the transfer learning architecture (i.e. the best combination of frozen and
retrained layers using high-fidelity data), we divided the 200 high-fidelity dataset into training
and validation subsets of equal size. The training subset was used to update the network weights
across varying depths of the architecture, while the validation subset was used to assess the
accuracy of predictions. The ideal retraining combination was determined by identifying the
configuration that yielded the lowest statistical difference between the predicted and validation
distributions, as measured by a t-test comparison. The results for the baseline (0 retraining
layers) and the optimized combination (4 retraining layers), along with the t-test error values
for all architectural combinations, are presented in Fig. 10. The lowest t-test error value of
approximately 0.2 was observed for 4 retraining layers.

iii. Bayesian Calibration of Parameters
The multi-fidelity surrogate model enabled the efficient execution of iterations using MCMC
samplers (ensemble walkers) for inverse parameter inference. In this study, 32 walkers and
1000 steps were employed to reach converged posterior distributions. The results of the

Bayesian calibration and corresponding convergence plots are presented in Fig. 11.
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4.3 Uncertainty Propagation and Allowables Estimation

Fig. 12 shows an example of the macroscale RVE simulation, illustrating two different

contours, stress and damage distributions. It is evident that the stress concentration at the tip of

transverse cracks acts as the primary site for damage localization and subsequent failure of the

0° plies.
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Fig. 1. Predicted failure morphology of the macroscale cross-ply RVE showing damage and displacement
contours at the time of ultimate failure.

To generate a stochastic dataset comparable to the NCAMP physical testing (19 experimental
tests across 3 batches), uncertainty propagation was performed using 20 realizations each for
the RVE and LS-DYNA models, with stochastic input parameters sampled from the derived
posterior distributions. The predicted strength distribution is compared against the
experimental distribution from NCAMP in Fig. 13 and Table 3, while highlighting the
predicted A- and B-basis allowables.

To calculate the A- and B-basis allowables, following equations were used [8]:

A =p-k X0 1)

basis

B,...=l-k,*x0 (1)

basis

Where p is the mean value, o is the standard deviation, and k, and k,, are the statistical one-
sided tolerance factors for the 1st and 10th percentile, respectively, calculated based on the
sample size to provide 95% confidence. As shown in Fig. 13 and Table 3, the proposed
framework predicts the mean laminate strength with close agreement to the NCAMP data
(within 1% of the NCAMP mean). For the standard deviation and resulting allowables, the
simulation yields a wider distribution and a more conservative prediction (within 10% of the
NCAMP data), which is appropriate for design exploration and risk assessment. However, the
predicted allowables are expected to converge toward the experimental values as the sample

size increases and the statistical factors (k, and k) are reduced.
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Fig. 1. Comparison of predicted cross-ply strength distributions and NCAMP experimental

qualification data.

Table 1. Summary of simulation results and NCAMP experimental benchmark data.

Experiment Present study Present study Error
(NCAMP) (COMSOL) (LS-DYNA) Percentages
Mean 1003 MPa 1012 MPa 1005 MPa 0.9% - 0.2%
Standard Deviation 61 MPa 67 MPa 63 MPa 9.8% - 6.6%
B-basis Allowable 901 MPa 884 MPa 886 MPa 1.9%-1.7%
A-basis Allowable 833 MPa 763 MPa 772 MPa 8.4% - 7.3%

5 Conclusions

This study introduced a multiscale, multi-fidelity framework for the digital estimation of
statistical failure allowables in aerospace composites. By explicitly integrating thermo—
chemical/thermo-mechanical process simulations with stochastic multi-fidelity failure
analyses, the framework accounts for both constituent-level variability and process-induced
effects such as residual stresses. Machine learning surrogate models, optimized via transfer
learning, facilitate efficient uncertainty propagation across scales without compromising the
underlying physics. A Bayesian inference approach was employed to calibrate stochastic inputs
against certification-grade experimental data, thereby incorporating experimentally informed

material and process variability.
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Validation against the Hexcel AS4/8552 cross-ply laminates from the NCAMP database
demonstrated that the framework reproduces mean strength values within 1% of experimental
data and provides conservative yet consistent estimates of A- and B-basis allowables within
10% of experimental data. The proposed methodology provides a robust pathway for
simulation-informed digital allowables, offering the potential to significantly reduce the cost
of experimental qualification campaigns. The physics-informed nature of the approach ensures
interpretability, while the multi-fidelity architecture maintains the computational efficiency
required for iterative design and risk assessment.

The present study focused on the uncertainty sources explicitly represented in the process—
failure framework, including initial degree of cure, prepreg physical-property variability,
stochastic RVE morphology, and cure-induced residual stresses. Other manufacturing-induced
features, such as porosity, fiber waviness/misalignment, and additional defects affecting 90°
and 0° ply failure, were not modeled explicitly in the present implementation. Future work will
incorporate these effects and extend the framework to additional loading conditions and lay-

ups.
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