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ABSTRACT

Composite materials are widely used in lightweight struc-
tures, but their heterogeneous architecture and interacting
damage mechanisms make damage progression difficult to
predict. As a result, composite components are often de-
signed with conservative safety margins, increasing weight,
cost, and inspection effort. Improved methods for structural
health monitoring and damage-progression analysis are there-
fore needed to support earlier damage detection, residual-life
assessment, and more efficient structural design. This re-
search develops physics-informed machine-learning methods
for monitoring and modeling damage evolution in compos-
ites. We propose a framework that addresses three comple-
mentary challenges: (1) damage detection and localization
from sparse strain measurements using graph neural networks
that generalize to unseen damage locations and sensor lay-
outs, (2) microscale stress prediction in damaged composite
microstructures using a deep-learning surrogate that can be
integrated into micro-macro simulation workflows, and (3)
macroscale damage modeling using a topologically informed
neural network. Together, these contributions form a multi-
scale learning framework linking sparse experimental obser-
vations, microscale material response, and macroscale lami-
nate damage evolution.

1. MOTIVATION AND PROBLEM STATEMENT

The high stiffness-to-mass ratio of composite materials
makes them attractive for aerospace, wind energy, auto-
motive, and civil engineering applications. However, their
heterogeneous architecture and interacting damage mecha-
nisms make damage progression difficult to predict, leading
to conservative designs with large safety factors (Yang, Pei,
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Yan, & Long, 2020). Because composite damage can re-
main hidden from visual inspection while still compromising
structural integrity (Ogunleye, Rusndkova, Javorik, Zaludek,
& Kotlanova, 2024) , improved methods for damage localiza-
tion and progression analysis are needed to support reliable
structural health assessment and targeted inspections.

Current methods that address damage localization rely on
dense or regularly spaced sensors, or controlled experimen-
tal conditions (Bergmayr, Holl, Kralovec, & Schagerl, 2023;
Del Priore, Sbarra, Coppotelli, Lampani, & Pasquali, 2025),
which limits their applicability to sparse, noisy, and irregular
sensor layouts.

At the same time, also predicting damage evolution re-
mains a major challenge. As damage initiation and growth
occur across multiple spatial and temporal scales, macro-
scopic damage criteria often cannot capture the underlying
microscale mechanisms (Hinton & Kaddour, 2012), while
high-fidelity multiscale simulations remain computationally
prohibitive for industrial-scale structures (Ghosh, Biswas, &
Bhattacharyya, 2025). Although machine-learning surrogates
can reduce this cost, existing approaches typically address
either microscale responses in isolation (Yacouti & Shak-
iba, 2025) or structural-scale behavior without evolving mi-
crostructural damage (Ghosh et al., 2025).

Moreover, the application of current mesh-based machine-
learning methods (Pfaff, Fortunato, Sanchez-Gonzalez, &
Battaglia, 2021; Iparraguirre, Alfaro, Gonzalez, & Cueto,
2026) to damaged composite laminates remains relatively un-
explored. The challenges of these methods to extrapolate to
unseen geometries additionally limit their applicability within
unified micro-macro damage-progression frameworks.

To address these challenges, this research develops a uni-
fied multiscale learning framework for composite damage
monitoring and progressive damage analysis that spans sens-
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ing, microstructural modeling, and structural-scale predic-
tion. First, it proposes a graph neural network (GNN) for
damage detection and localization from sparse strain mea-
surements, enabling robust identification of damage under
previously unseen damage locations and sensor layouts. Sec-
ond, it introduces a physics-informed deep-learning surro-
gate for full-field stress prediction in damaged composite mi-
crostructures, providing a computationally efficient alterna-
tive to high-fidelity simulations while preserving the spatial
resolution required for damage-progression analysis. Third,
it develops a topology-aware graph representation of com-
posite laminates at the macroscale, explicitly modeling the
hierarchical relationships between plies and interfaces to cap-
ture damage-induced interactions and structural response.
By bridging structural health monitoring, microscale dam-
age mechanics, and macroscale structural modeling within a
common learning paradigm, these contributions establish the
foundations for scalable, data-driven prediction of damage
initiation, localization, and evolution across the micro—macro
scale hierarchy.

2. EXPECTED CONTRIBUTIONS
2.1. WP1: Damage Localization in Composite Panels

The first work package focuses on the development of a ro-
bust damage localization framework for composite panels us-
ing sparsely distributed strain gauges. A wide range of SHM
approaches address damage localization in composite struc-
tures, including acoustic emission, active and passive guided
wave, and strain-based methods (Singh & Sehgal, 2022).
Strain sensing is particularly attractive for long-term monitor-
ing (Ogunleye et al., 2024) because it can provide continuous
measurements during normal operation without active inter-
rogation of the structure as required by many guided-wave-
based methods. Because damage-induced perturbations in the
strain field are often highly localized, accurate localization
typically relies on sufficient spatial coverage of the structure.

Recent advances in machine learning have enabled the direct
inference of damage locations from the strain measurements
(Bergmayr et al., 2023; Del Priore et al., 2025; Mylonas,
Tsialiamanis, Worden, & Chatzi, 2023). However, current
studies are still limited in several important aspects. First,
even so-called sparse sensing configurations often maintain
a high sensor density relative to the damage size, reducing
the practical difficulty of the localization task. Second, eval-
uations are typically conducted under controlled laboratory
conditions, with limited investigation of robustness to differ-
ent magnitudes of measurement noise and sensor uncertainty.
Third, and most importantly, existing methods rarely assess
whether learned models can generalize to damage locations
that are completely absent from the training data. This spatial
generalization is critical in practice, where failures may occur
in previously unseen regions of a structure.

To address these challenges, we propose a physics-informed
GNN architecture for damage localization from sparse strain
measurements. The approach exploits the inherently spa-
tial nature of damage-induced strain perturbations through a
graph representation of the sensor network. The model com-
bines an inverse localization network with a pretrained for-
ward plausibility model that predicts the strain response asso-
ciated with the estimated damage state. Coupling these com-
ponents during training constrains the predicted damage loca-
tion to remain physically consistent with the measured strain
field, improves localization robustness under sparse sensing
conditions, and provides a mechanism to validate localization
results through forward reconstruction of the sensor signal.

2.2. WP2: Stress Field Prediction in Damaged Composite
Microstructures

The second work package focuses on developing machine-
learning surrogate models for progressive damage simulation
in composite microstructures, with the ultimate goal of en-
abling multiscale damage modeling at industrial scales. Com-
posite failure emerges from interacting microscale mecha-
nisms such as matrix cracking or fiber-matrix debonding,
which may accumulate into delamination or structural fail-
ure. Capturing these processes is essential for reliable life
prediction, structural health assessment, and the development
of digital twins capable of forecasting structural degradation
under operational loading conditions.

High-fidelity micro—macro simulations address this limita-
tion by embedding representative volume elements (RVEs)
into macroscale structural models and resolving local stress
and strain fields during incremental loading. However, their
widespread adoption is hindered by a fundamental com-
putational bottleneck: the repeated solution of microscale
boundary value problems at every load increment makes pro-
gressive multiscale damage simulations prohibitively expen-
sive for industrial-scale components (Ghosh et al., 2025).
To overcome this limitation, recent research has explored
machine-learning surrogates for RVEs, including models that
directly predict damage trajectories or high-resolution mi-
croscale fields (Yacouti & Shakiba, 2025).

However, most existing approaches assume undamaged mi-
crostructures or focus on predicting homogenized quantities
and aggregate stress metrics. Furthermore, the presence of
damage requires models to generalize across a potentially
vast space of crack geometries, damage locations, and dam-
age severities. To date, very few studies have addressed this
challenge. Although initial efforts have integrated microscale
surrogates into multiscale simulation frameworks (Zhou &
Semnani, 2025), these approaches typically predict homog-
enized responses rather than the full stress tensor required for
physics-based damage evolution. Consequently, the integra-
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tion of machine-learning surrogates into progressive multi-
scale damage workflows remains an open research challenge.

To address these limitations, we propose a GNN surrogate
model for full-field stress prediction in damaged composite
microstructures. The model will leverage local geometric
features and equivariant message passing to improve gen-
eralization across previously unseen damage locations and
geometries. In addition, we will investigate the integra-
tion of physics-informed inductive biases, including stress-
equilibrium constraints and conservation laws, to improve ro-
bustness, generalization and physical consistency (Garban,
Chemisky, Pruliere, & Clément, 2025). Since no public
benchmark currently exists for full-field stress prediction in
damaged composite RVEs, we will create a new dataset span-
ning diverse microstructures, loading conditions, and damage
scenarios. To demonstrate practical relevance, the proposed
surrogate will be integrated into a micro-macro progres-
sive damage simulation, where the predicted high-resolution
stress fields are coupled with established damage criteria to
assess whether expensive microscale solvers can be replaced
while preserving the predictive fidelity required for progres-
sive damage analysis. Finally, the workflow will be validated
experimentally using pre-damaged composite coupons, pro-
viding a direct evaluation of machine-learning-driven multi-
scale damage progression against physical observations.

2.3. WP3: Laminate-Scale Damage Propagation

The third work package focuses on developing a topology-
aware GNN model for modeling damage evolution in ply-
stacked composite structures at the laminate scale. It comple-
ments WP2 because many engineering decisions ultimately
depend on how local damage processes propagate and inter-
act at the laminate scale.

Classical progressive damage models typically require fine
spatial discretizations, carefully calibrated constitutive laws,
and repeated nonlinear simulations throughout the loading
history (Ghosh et al., 2025). Consequently, their compu-
tational cost often limits their applicability in design-space
exploration, uncertainty quantification, and large-scale opti-
mization studies. Recent advances in machine learning have
demonstrated the potential of graph-based and mesh-based
surrogate models for approximating complex structural sim-
ulations on discretized domains (Pfaff et al., 2021). However,
these approaches typically operate on fixed laminate configu-
rations, and their ability to generalize across different stack-
ing sequences, ply arrangements, and interface configurations
remains largely unexplored.

This limitation is important because laminate topology is a
primary driver of damage propagation. A surrogate model
intended for engineering design should be able to transfer
across laminate configurations rather than being restricted to
a single layup. Achieving such generalization requires repre-

sentations that explicitly encode the hierarchical relationships
between plies and interfaces. Recent advances in topological
machine learning provide a promising foundation for devel-
oping such representations (Wei & Fink, 2025).

To address these challenges, we propose a topology-aware
machine learning model that explicitly represents plies, inter-
faces, and structural features as interconnected entities. This
representation aims to learn transferable damage-evolution
models that generalize across previously unseen laminate de-
signs. Furthermore, the topological representation provides
a natural mechanism for incorporating physical priors, such
as load transfer between adjacent plies and discontinuities of
transverse strain across interfaces. Through the integration
of topological and physical information, the proposed model
aims to provide accurate, physically consistent, and compu-
tationally efficient predictions of laminate-scale damage evo-
lution.

3. PROPOSED RESEARCH PLAN

The PhD research began in September 2025 and has made
substantial progress during its first year. To date, efforts
have focused on the development of the composite sandwich-
panel dataset and the damage localization framework of WP1.
Completion of the first WP is planned for September 2026,
after which the focus will shift to the development of mi-
croscale surrogate models for progressive damage simulation
in WP2. The third WP focuses on topology-aware modeling
of laminate-scale damage evolution, and is scheduled to be-
gin in September 2027. The overall research plan follows a
structured three-year progression from damage localization,
to microscale damage modeling, and finally to laminate-scale
damage propagation.

3.1. Current Progress and Preliminary Results

To demonstrate the feasibility of the proposed research direc-
tion, we present the preliminary results from WP1. As a first
step, we developed a new dataset for damage localization and
severity assessment in composite aerospace structures. The
dataset is based on a finite-element model of a sandwich-
panel payload fairing measuring 800 mmx 1020 mm, and
containing a circular access-door cutout. The structure was
simulated under axial compression for one undamaged and
more than one thousand damaged configurations. The con-
sidered damage types include scratches, wrinkles, and cracks
of varying sizes in the facesheet. These defects were modeled
as localized stiffness reductions through a 99 % reduction in
the local facesheet thickness. To emulate a realistic monitor-
ing setup, strain measurements were extracted at 32 sparsely
distributed sensor locations, and to account for measurement
uncertainty, independent Gaussian noise with a standard de-
viation of 15 uS was added to the strain signals.

To localize damage from sparse strain measurements, we de-
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Figure 1. Damage localization errors without noise (left) and
with sensor noise (right).

veloped a GNN architecture using message passing to cap-
ture localized strain distributions caused by damage. Rather
than encoding absolute sensor coordinates as node features,
we represent them through relative edge features, encour-
aging the model to learn physically meaningful spatial rela-
tionships. Damage localization is then performed through a
spatially aware pooling operation that aggregates information
across the sensing network. To evaluate the model’s ability to
generalize beyond the training distribution, an entire region in
the lower right quadrant of the panel was excluded from train-
ing and used exclusively for testing. Despite this challenging
setup, the proposed model achieved a mean localization error
of 4.66 cm and consistently outperformed baseline architec-
tures when predicting damage locations in previously unseen
regions under noise-free conditions, as shown in Fig. 1. These
results indicate that graph-based representations are a promis-
ing direction for achieving spatial generalization in structural
health monitoring.

The experiments also revealed an important limitation: per-
formance degrades significantly in the presence of realistic
sensor noise, particularly for very small defects. Further anal-
ysis showed that these damages often produce strain signa-
tures that are comparable in magnitude to the measurement
noise, making reliable localization difficult. This finding di-
rectly informed the next stage of the research. Specifically,
we plan to introduce a damage-severity classification stage
prior to localization. Since very small defects are often not
operationally critical, grouping damage into severity cate-
gories can improve robustness, reduce false alarms, and bet-
ter align the framework with maintenance decision-making
requirements (Saxena et al., 2010).

Building on these encouraging initial results, the next phase
of WP1 will focus on incorporating a physics-based plausi-
bility model. This forward model will predict the expected
strain measurements associated with a candidate damage lo-
cation and severity. By coupling the localization network
with this plausibility model during training, we aim to intro-

duce an additional physical consistency constraint that can
reject implausible predictions and further improve robustness
and generalization to unseen damage scenarios.
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