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ARTICLE INFO ABSTRACT

Keywords: Predicting fracture load in laminated composites with stress raisers is challenging due to complex failure
Laminated composites mechanisms such as delamination, fibre breakage, and matrix cracking, which are heavily influenced by fibre
Notch

orientation, layup sequence, and notch geometry. This study aims to address this by developing a novel deep
learning framework that leverages solely experimental strain field data from Digital Image Correlation (DIC) for
accurate, in-situ predictions—bypassing the need for finite element simulations or empirical calibrations. Two
alternative architectures are explored: a multi-layer perceptron (MLP) that processes numerical values of
maximum principal strain from a targeted rectangular region ahead of the notch, enhanced by advanced feature
selection (mutual information, Lasso, and SHAP) to focus on critical data points; and a convolutional neural
network (CNN) trained on full-field strain images, bolstered by data augmentation to handle variability and
prevent overfitting. Validated across 116 quasi-static tests encompassing 31 distinct configurations—including
six layups (quasi-isotropic to highly anisotropic) with four off-axis angles for open-hole specimens, and one cross-
ply layup with four off-axis and four on-axis notch orientations for U-notched specimens—the MLP and CNN
achieve coefficients of determination (R%) of 0.86 and 0.82, respectively. The framework captures a broad
spectrum of damage modes and responses, from brittle fibre-dominated fracture to ductile delamination-driven
failure, and due to its computational efficiency and reliance only on DIC measurements, the approach enables

Digital image correlation
Machine learning
Artificial neural networks

practical in-situ fracture load estimation.

1. Introduction

The anisotropic behaviour of laminated composites poses significant
challenges in predicting fracture loads for notched structures, where
intricate interactions among failure mechanisms—such as fibre
breakage, matrix cracking, and delamination—often prevent straight-
forward analysis through conventional models, particularly under the
influence of variables like fibre orientation, stacking sequence, and
notch shape [1,2]. Classical approaches such as the point stress/average
stress criteria by Whitney and Nuismer [3] were among the first to relate
stress distributions around notches to laminate failure strengths. These
methods introduced a characteristic length over which the stress is
averaged to account for damage tolerance, but the optimal parameters
often depend on empirical calibration. Another early contribution to
understanding notch sensitivity in composites was made by Pipes et al.
[4]. They proposed a notch strength model that accounted for the in-
fluence of notch size and material anisotropy on the failure of laminated
composites, providing a complementary perspective to stress-based
criteria. In contrast, modern full-field techniques like digital image
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correlation (DIC) [5] have revolutionized damage visualization, allow-
ing precise tracking of strain patterns and evolving degradation in
composites [6]. Initial experiments underscored how pre-catastrophic
damage, including matrix cracks and delaminations, reshapes strain
fields and diminishes residual load capacity in notched laminates [7].
For instance, Ambu et al. [8] leveraged DIC to trace progressive failure
in notched carbon/epoxy and carbon/PEEK systems, revealing how
varied mechanisms—fibre rupture, delamination, and beyond—trigger
unique strain redistributions that directly impact strength. Such DIC
insights have further illuminated the dual-edged role of subcritical
damage in modulating stress raisers, either amplifying or mitigating
them to influence ultimate laminate endurance, positioning DIC as an
instrument for dissecting failure dynamics and their effects on structural
integrity [9]. With advances in computational power, researchers have
increasingly turned to machine learning (ML) to use strain field data-
—both from experiments (e.g., DIC) and high-fidelity simulations—in
order to predict fracture loads more accurately across different notch
geometries, off-axis fibre orientations, and laminate layups [10].
Given the complexity of composite failure and the richness of DIC
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data, machine learning offers a promising approach to model and pre-
dict fracture loads more accurately. Azeem and Pinho [11] introduced a
machine-learning-enhanced characteristic length method for open-hole
tension laminates. In their approach, multiple regression models were
trained to directly predict the ultimate failure load of an open-hole
composite specimen. By learning from a database of finite element
simulations and experiments, their ML models could capture the influ-
ence of variables like hole size and plate width that go beyond the ideal
infinite-width assumption of analytical solutions. Balducci et al. [12]
redefined open-hole failure prediction as a classification problem,
learning the failure envelope (the set of stress combinations leading to
failure) for a composite plate with a hole. They trained Support Vector
Machine classifiers to distinguish safe vs. failure loading states and
showed that their best SVM (with a tuned radial-basis kernel) achieved
over 90 % accuracy in classifying failure vs. non-failure cases. This
demonstrates that even “traditional” ML algorithms (SVMs, decision
trees, etc.), when provided with sufficient training data from simulations
or experiments, can learn complex failure criteria in composites. Beyond
open-hole tension, researchers have applied ML to other loading and
geometric scenarios. Li et al. [13] proposed a high-throughput simula-
tion and ML framework to predict the allowable compression load of
notched laminates under compression. They generated a large dataset of
finite element analyses (FEA) for various notch sizes, laminate layups,
and loading conditions, and then trained regression models to map these
input parameters to the laminate’s critical buckling or failure load. This
approach effectively produced a surrogate model that can instantly
predict the notched compression strength given a set of design param-
eters, eliminating the need for exhaustive incremental testing. Similarly,
a deep transfer learning approach by Li et al. [14] constructed an entire
allowable load space for notched composites under different design
configurations. In that study, an ensemble of deep neural networks was
first trained on a broad range of notch geometries, materials (fibre and
matrix properties), stacking sequences (including various off-axis ply
angles and ply counts), and loading types (tension, compression,
biaxial). This ensemble DNN could predict the failure load for a given set
of design parameters within the training distribution.

While the above approaches often use summary features (like geo-
metric parameters or aggregate stress values), an alternative paradigm is
to employ the full-field strain data from experiments or high-fidelity
simulations as direct input to machine learning models. The idea is
that the strain field reflects both stress concentrations and damage
states, thus containing rich information for predicting the load-bearing
capacity. Nastos et al. [15] demonstrated this concept in a
non-destructive strength prediction method for composites. In their
work, a quasi-isotropic carbon/epoxy laminate with a central hole was
loaded to only 20 % of its expected failure load, and the surface strain
field was measured with DIC. These moderate-load strain maps — well
before any visible damage or cracking — were then fed into a deep
learning model (a convolutional neural network) that had been trained
on thousands of random FEA simulations of the same laminate under
random strength properties. The CNN learned to correlate the pattern of
strains at 10-20 % load with the eventual ultimate tensile strength of the
specimen. When tested on actual specimens (loaded to 10-20 % and
then unloaded), the model predicted failure loads with good accuracy
and low error variability. Another use of full-field strain data is in
damage identification and early warning of failure. Rather than directly
outputting a numeric failure load, some studies train ML models to
detect and locate damage from strain patterns, which can indirectly
predict failure. Wang et al. [16] developed a CNN-based semantic seg-
mentation model to analyze DIC strain maps of CFRP laminates with
open-holes. Using a DeepLabv3+ architecture [17] (with a ResNet-50
backbone [18]), they trained the network to perform pixel-level classi-
fication of the strain field — essentially labelling regions as damaged
(plasticity, fibre break, delamination) or healthy based on the strain
distribution. The training data were generated via high-fidelity finite
element simulations of tension tests, ensuring the network saw a wide

Composites Part B 312 (2026) 113241

variety of damage patterns. When applied to real-time DIC data from
composite coupons, the model achieved a high segmentation accuracy
(mean IoU ~ 0.92) in identifying damage zones. This automated inter-
pretation of strain contours means that the onset of critical damage can
be detected online, without relying on a human inspector.

Following the reviewed studies, this paper builds on previous in-
vestigations by the author to employ machine learning models trained
only on field distributions to predict the failure of notched components.
In Ref. [19], stress, strain, and energy fields were utilised to estimate the
fatigue life of notched components. The framework was validated across
diverse loading conditions, notch geometries, and materials, including
steel, additively manufactured PLA, and laminated composites [20]. The
study demonstrated that all field distributions effectively predicted fa-
tigue life, with stress fields generally providing the most stable and ac-
curate predictions across all cases. This framework was further extended
in Ref. [21] to predict fracture load (defined as maximum load based on
load-displacement curve) and crack initiation angle under mixed-mode
in-plane loading conditions in cracked bodies. The model was validated
using five distinct specimen configurations, each subjected to at least six
different mode mixity conditions. Results showed that stress field data,
when combined with a multi-layer perceptron (MLP), outperformed
conventional models such as Generalized Maximum Tangential Stress
(MTS) or Theory of Critical Distances (TCD) in prediction accuracy.

In this paper, the approach is extended to include not only aniso-
tropic behaviour but also the direct use of DIC results. This research
addresses a critical gap by exclusively utilizing experimental strain field
data from Digital Image Correlation (DIC) to train deep learning models
for predicting fracture loads across diverse layup configurations and
notch geometries, eliminating the need for additional finite element
analyses or post-processing. To utilize DIC results, two distinct ap-
proaches are employed: first, the use of numerical values of maximum
principal strain at representative nodes ahead of the notch; second,
images of the principal strain field distribution around the notch ob-
tained from DIC. Studies have shown that the principal strain distribu-
tion is sensitive to changes in layup configuration and notch geometry,
making it a robust metric for fracture prediction [6,9,16]. For the first
approach, an MLP model with stepwise feature selection algorithms is
used to handle sparse to dense sets of representative nodes in DIC data.
To accommodate different notch geometries, a novel approach is
introduced, where nodes are considered within a rectangular region
ahead of the notch. For the second approach, a Convolutional Neural
Network (CNN) based on the DenseNet-121 architecture is employed.
Since both approaches are data-driven and typically require extensive
data, the models in this paper are trained with a reasonable number of
experimental tests by employing techniques such as feature selection for
the MLP and data augmentation for the CNN, enhancing efficiency and
applicability across various cases. To this end, no additional finite
element analyses are used to generate data, and only strain fields
calculated from DIC in the experimental campaign are employed. In
Section 2, the experimental campaign is presented. In Section 3, the
deep learning algorithms are introduced. In Section 4, the results are
presented, and the robustness of the framework across varied input data
is demonstrated and discussed.

2. Experimental tests

This section presents the experimental data used to validate the
proposed framework. In this study, two different geometries are
considered: the open-hole tests, whose results were presented by Mitrou
et al. [22], and the U-notch specimens, which were manufactured and
tested by the same group but are presented in this paper for the first
time. The specimens utilised in the experimental campaign were
composed of carbon fibre thin-ply carbon/epoxy laminates produced
from North Thin-Ply Technology T800/736 LT unidirectional prepreg,
with a nominal ply thickness of 0.05 mm and ply properties of E; =
143.83 GPa, E2 = 7.85 GPa, G2 = 3.80 GPa and v12 = 0.38. Six 32-ply
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laminates (~1.6 mm thick overall) were tested covering a wide range
from quasi-isotropic to highly anisotropic behaviour as defined in
Ref. [22]: QI [90/-45/0/45]4s, SOFT [90/+45/90/+45/90/0]5s, CP30
[90/0/+30/0/90/4+30]2s, CP1560 [90/+60/0/+15/90/0]2s, CP1575
[90/+75/0/+15/0/90]2s and cross-ply CP [90/0]gs. All specimens were
20 mm wide and 170 mm long overall, with the effective gauge length of
120 mm. The open-hole specimens had a central hole with a diameter of
5 mm, while the U-notched specimens had a notch 5 mm deep and 1 mm
wide, created using a 0.5 mm radius drill bit. It is noted that the
U-notched specimens were only manufactured from a CP layup. Off-axis
loading was introduced by cutting the coupons in the parent plate at 0°,
15°, 45° and 60° relative to the fibre-0° direction, see Fig. 1a). As stated
in Ref. [22], each laminate and angle combination had a number of
samples that ranged from 3 to 5, giving 109 overall tests for the
open-hole configuration. For the U-notched samples, apart from the
off-axis testing similar to the open-hole testing, angled notched config-
urations were introduced, meaning that the off-axis angle was fixed and
equal to 0°, while the notch direction was oriented at 15°, 45°, 60° and
90° with respect to the fibre-0° (loading) direction, which is referred to
as the on-axis notch test in this study (Fig. 1b)). For the U-notched
specimens only one sample per configuration was tested yielding 7
samples. Notably, the 0° off-axis configuration corresponds to the 90°
on-axis case. In total, 116 mechanical tests were conducted across 31
distinct configurations. Configuration names follow the pattern FAM-
ILY 604, where FAMILY denotes the laminate class (e.g., CP = cross-ply;
QI = quasi-isotropic) and 6, is the off-axis angle in degrees. The suffix
“ U” indicates a U-notched specimen, and the suffix “ UO” denotes
on-axis loading for a U-notched specimen (i.e., CP_6,, UO). Replicate
counts per configuration were: 5 tests for {CP1575.00, CP1575_45,
CP1575_60, CP30_00, CP30_15, CP30_45, CP30_60, QI_60, CP1560_00,
CP1560_15, CP1560_45, CP1560_60, SOFT_00, SOFT _60}; 4 tests for
{CP1575_15, QI _15, QI 45, SOFT_15, SOFT 45, CP_00, CP_15, CP_45,
CP_60}; 3 tests for {QI_00}; and 1 test for each U-notched case {CP_00_U,
CP_15_U, CP_15_UO, CP 45U, CP_45UO0O, CP_60_U, CP_60_UO}. A
comprehensive overview of all tested specimen configurations,
including detailed geometrical parameters, layup sequences, and
loading conditions, is provided in Table 1.

To obtain strain fields based on DIC, full-field kinematics of the
specimens were monitored with a single-camera 2D digital image cor-
relation setup. Specifically, the system utilised a Canon EOS 80D camera
fitted with a Canon EF-S 18-135 mm f/3.5-5.6 IS STM lens, recording at
60 fps with a 1080p Full-HD resolution. Images were processed to
extract the strain field in VIC-2D software using a 15-pixel subset, a 7-
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Fig. 1. Schematic of loading configurations for notched composite specimens.
a) Off-axis loading with angles 6o = 0°, 15°, 45°, 60° defined relative to the
fibre-0° direction [22]. b) On-axis loading for U-notched cross-ply (CP) speci-
mens, with angles of 6o, = 15°, 45°, 60°, 90° relative to the loading direc-
tion (fibre-0°).
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Table 1
Summary of specimen geometries, notch dimensions, layup sequences, loading
configurations, and the corresponding number of tests for each configuration.

Notch Notch Layup Loading Number of
Geometry Dimensions Configuration Tests
(mm)
Open-hole Hole radius: QI [90/-45/0/ 4 off-axis: 109
2.5 45]4s, Oofr = 0°, 15°,
SOFT [90/ 45°, 60°
+45/90/+45/
90/013s,
CP30 [90/0/
+30/0/90/
+30]2s,
CP1560 [90/
+60/0/+15/
90/0]5s,
CP1575 [90/
+75/0/+15/
0/90]2s,
CP [90/0]gs
U-notch Depth: 5 CP [90/0]ss 4 off-axis: 7
Width: 1 Bogr = 0°, 15°,
Root radius: 45°, 60°
0.5 +4 on-axis (3
unique):
Oon = 15°, 45°,
60°, 90°

pixel step, and the fill-boundary option to obtain data close to the
notch boundary. In the Appendix, the strain fields obtained using DIC for
some arbitrary cases are presented and compared with the finite element
results (for validation purposes only).

In order to emphasise and demonstrate the different mechanical re-
sponses between configurations, the results of mechanical testing are
presented as force-displacement curves for eight different configura-
tions in Fig. 2. In this figure, the subfigure labels indicate the layup
configuration, with different colours representing various off-axis
angles—except for the U-notched specimens tested under the on-axis
configuration (CP_UO), where the angles correspond to the notch di-
rection relative to the fibre-0° (loading) direction.

From Fig. 2, it can be seen that the configurations exhibited a variety
of failure behaviours, ranging from brittle to ductile, with a wide range
of failure loads—from approximately 8 kN to 26 kN—and displacements
at failure from less than 1.5 mm to more than 17 mm. This confirms the
diversity and complexity of the experimental data available for vali-
dating the model.

To give a clear sense of specimen-to-specimen variability, the co-
efficients of variation (CV) in ultimate load across configurations are:
the largest scatter for CP1575_00 (8.8 %), followed by SOFT_60 (7.1 %)
and CP1560_15 (6.9 %). In contrast, the smallest scatter is observed for
CP1575_60 (1.3 %), followed by CP1575_45 and CP_60 (both 1.8 %),
then CP_45 (2.0 %), and CP30_00 and CP1560_60 (both 2.2 %).

The diversity in observed failure modes is evident from the actual
appearance of the failed samples and failure surfaces. Fig. 3 demon-
strates representative failure patterns from six different notched speci-
mens, highlighting some distinct failure modes and underlying
mechanisms associated with the failure of the tested laminates. As re-
ported in Ref. [22], the failure patterns observed varied widely—from
brittle net-section, through-thickness cracks characteristic of thin-ply
laminates, to more complex modes involving delamination, matrix
cracking, and fibre pull-out also observed in thin-ply systems. The au-
thors directly attributed these differences to the level of anisotropy in
the laminates. They observed that specimens with lower anisotropy
tended to fail in a brittle manner, regardless of the loading angle. In
contrast, highly anisotropic laminates, especially under off-axis loading,
exhibited more complex failure patterns involving extensive subcritical
damage before final fracture.

Overall, greater anisotropy in the laminate resulted in more
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Fig. 2. Force-displacement curves for notched laminated composites under quasi-static loading [22]. Subfigures (a—h) represent configurations: a) QI, b) SOFT, c)
CP30, d) CP1560, e) CP1575, f) CP with open-hole, g) CP with U-notch (CP_U) under off-axis loading (0°, 15°, 45°, 60°), and h) CP with U-notch under on-axis
loading (CP_UO, notch angles 15°, 45°, 60°, 90°). Each colour denotes a specific off-axis or notch angle. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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f)

Fig. 3. Representative post-failure fracture patterns in notched laminated composites, captured via optical photography [22]. Specimens include: a) SOFT_00 and b)
CP_00_U (brittle, fibre-dominated net section failure), ¢) CP_60 (matrix-dominated shear-out with interlaminar shear), d) CP_15_UO (fibre-dominated net section
failure along a path perpendicular to the load application direction), e) QI 45 (brittle, fibre-dominated net section failure), and f) CP_15 (localized band of rotated

fibres accompanied by matrix damage).

pronounced changes in failure mode across different off-axis loading
angles. The U-notched specimens exhibited similar failure mechanisms
to the open-hole specimens; however, these failure processes were
confined to a more localized region near the notch, Fig. 4. This increased
localization is likely attributed to the higher stress concentration asso-
ciated with the smaller notch tip radius. It is noted that the angle of the
notch with respect to load direction, inducing a mixed mode state, ap-
pears to have minimal effect on the failure pattern since the crack still
propagated from the strong concentration points in a net-section
through-thickness failure form along a path perpendicular to the load
application direction. For more details and a more extensive discussion
on the experimental findings, refer to Ref. [22].

3. Machine learning tools
3.1. Utilisation of DIC results in deep learning for fracture load prediction

The results obtained from DIC are utilised as inputs for machine
learning (ML) algorithms to predict fracture loads. As mentioned earlier,

here, the fracture load is defined as the maximum load that the specimen
can withstand. Two distinct ML models were employed: the MLP and the
CNN. The MLP model processes numerical values derived from DIC
analysis, whereas the CNN model directly utilizes images of the strain
field obtained from DIC. Specifically, the maximum principal strain field
was selected as the indicator of failure at a predetermined load level
across all specimens. Since the failure load is unknown, reference
measures like 20 % of the failure load, used in previous studies [15],
cannot be employed to obtain a reference load to read the strain field.
The chosen load level must be sufficiently high that near-notch strain
gradients are resolvable with adequate strain signal to noise ratio for the
selected virtual strain gauge (effective spatial averaging length), yet low
enough to stay below the minimum observed failure load so the model
can be applied to every specimen. When no prior strength data of the
sample are available, a simple physics-based rule of thumb calculations
is useful. For example, in our case, the laminate most likely to fail first is
CP [90/0]gs cut at 45°, which behaves as a through-thickness [+45]
laminate in axial tension. In this configuration, the response is
shear-dominated (fibres are not aligned with the load), and first-ply

Fig. 4. Representative post-failure fracture patterns in the U-notched laminated composites. Specimens include: a) CP_00_U (brittle, fibre-dominated net section
failure), b) CP_45_U (fibre-dominated net section failure along a path perpendicular to the load application direction).
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failure is governed primarily by the in-plane shear strength rather than
the fibre tensile strength. For an unnotched coupon, the axial capacity
therefore scales with the ply shear strength and section size; introducing
an open hole/notch reduces this capacity by a conservative
notch-efficiency factor (<1). Under standard coupon geometries, even a
conservative notch factor leaves a reasonable margin between this
weakest-case and a reference load such as 7 kN. Therefore, 7 kN is a
scientifically sound choice: it ensures well-resolved strain fields, while
remaining below any possible failure load across all layups and off-axis
angles. The impact of varying this reference load level is further inves-
tigated in Section 4.2.

For future studies or tests on other laminated or notched configu-
rations, an effective procedure to select a single reference load is: (1)
Identify the weakest expected configuration in the planned test matrix
(considering material properties, layup anisotropy, notch severity, and
loading mode). (2) Estimate a conservative lower bound on its failure
load (from prior data, simple net-section or shear-dominated screening
estimates, or preliminary tests). (3) Choose a campaign-wide reference
load below this bound while ensuring that the maximum-principal-
strain (e;) field is clearly resolvable for the chosen virtual strain-gauge
settings—i.e., sufficient strain signal-to-noise ratio (SNR) at the
selected subset/step and strain-calculation window. (4) Validate the
choice with a brief pilot (fixed region of interest, fixed mm/px sampling,
constant subset/step/strain window), confirming stable correlation
quality and spatially coherent near-notch gradients without signs of
damage. This procedure ensures reproducible, comparable results while
remaining flexible enough to apply across different laminate families
and notch geometries.

For the MLP approach, after computing the strain field at the selected
load level, numerical values surrounding various notches were extrac-
ted. To address the variability in notch geometries, a simplified strategy
was implemented: a rectangular region was defined ahead of the notch
at a consistent relative distance from the notch tip, with fixed relative
nodal positions. Key considerations include determining the rectangle’s
dimensions, the number of nodes it should contain (discretized), and its
relative position to the notches. Previous studies by the author [19,21]
suggest using as wide a region as possible; however, this is not manda-
tory, as evidence indicates that while nodes at greater distances
contribute to predictions, their influence is less significant than that of
nodes closer to the notch, where failure initiates and stresses are higher
due to the presence of a notch. This will be further explored in Section
4.4. Regarding the number of discretisation nodes, in simple terms, a
relatively fine mesh, similar to that used in a proper finite element
analysis of the specimen, is recommended to capture critical information
around the notches without excessive computational cost. In practice, a
simple script can be used to extract the strain values at predefined nodes.
If a given node is not present in the DIC analysis, the script can inter-
polate the strain value at that location. The effect of density of nodes in
the region will be examined in Section 4.3. The rectangle should ideally
be positioned as close as possible to the notch tip; however, due to
reduced accuracy of DIC calculations (very) close to the notch boundary,
proximity is limited. This limitation will be studied in Section 4.4. In this
investigation, the rectangle spans from 0.1 mm away from the notch tip
to 1 mm from the specimen edge, with the specimen edge located 7.5
mm from the notch tip (6.4 mm length). The longer side of the rectangle
is twice the length of the shorter side and is symmetrically aligned with
the notch bisector line (see Fig. 5). This area was discretized into a grid
of 200 nodes (10 along the shorter side and 20 along the longer side), to
consider the largest practically valid neighbourhood around the notch
while avoiding boundary artifacts. The strain values at these nodes were
flattened into a vector, serving as the sole feature for the MLP model.
Note that for on-axis cases, the rectangle maintains the same relative
position to the notch bisector line. The input dataset included this vec-
tor, specimen identifiers (used only for categorization to iterate over
different specimens), and the corresponding failure loads. It is worth
emphasising that these identifiers are not included in the predictive

Composites Part B 312 (2026) 113241

Fig. 5. Definition of analysis windows and sampling points overlaid on the
reference image of an open-hole laminate. The red rectangle shows the window
used for the MLP; the red dots indicate the selected sampling nodes at which
principal strain is read. The yellow square marks the notch-centred region of
interest used to crop the DIC-derived principal strain field for the CNN. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

input vector or used in model calculations and are only used to group
test data.

For the CNN methodology [23,24], the strain field was extracted
from a centred square region at the notch centre, measuring 16 mm per
side. To ensure data quality, a margin of 2 mm from the specimen’s edge
was excluded to eliminate the low accuracy and noise typically observed
in DIC measurements near boundaries (see Fig. 5). These strain field
maps were saved as images with a resolution of 224 x 224 pixels, a
standard size in CNN due to its balance of feature capture and compu-
tational efficiency. To enhance prediction efficiency, the original
three-channel (RGB) colour images were converted to single-channel
grayscale images. This transformation is appropriate since the first
principal strain field is represented by a scalar quantity at each pixel and
can be effectively represented with a single channel, significantly
reducing model complexity and data size. Prior studies confirm that
reducing image channels lowers parameter count and computation time
without compromising geometric information critical for model per-
formance [25]. It is crucial that the strain range (minimum and
maximum) remains consistent across all specimens (so colour intensities
are directly comparable), a condition achievable with many DIC soft-
ware tools. The input data for the CNN analysis comprised these gray-
scale images and a file detailing the failure loads for each specimen.

To illustrate the actual DIC outputs at the fixed reference load, Fig. 6
shows representative maximum principal strain maps measured by 2D-
DIC at 7 kN for six notched laminate configurations (the same configu-
rations as in Fig. 3). Each panel includes its own colour bar with panel-
specific strain limits; the minimum and maximum differ across panels to
highlight the diversity of strain magnitudes.

3.2. Multi-layer perceptron (MLP)

This study develops a comprehensive and robust machine learning
approach using an MLP neural network [26,27] to accurately predict
fracture loads in composite materials. The method integrates advanced
feature selection, cross-validation, hyperparameter tuning, and thor-
ough training practices to ensure high accuracy predictions.

The input dataset comprises numerical features extracted from
experimental setups and the related failure loads for each specimen.
Given the complexity and noise in high-dimensional datasets, a multi-
step feature selection process is implemented. This begins with Mutual
Information (MI) analysis [28], which evaluates the dependency
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d)

Fig. 6. Representative maximum principal strain maps, measured by 2D-DIC at the reference load (7 kN) for six notched laminate configurations in Fig. 3. Specimens
include: a) SOFT_00 and b) CP_00_U, c) CP_60, d) CP_15_UO, e) QI_45, and f) CP_15. Each panel uses its own colour scale; the maximum (top) and minimum (bottom)
values are printed adjacent to the colour bar. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of

this article.)

between individual features and target variables to effectively identify
the most relevant predictors. Mutual Information between a feature X
and the target variable Y is defined as:

MI(X;Y)=Y > p(x,y)log (p%) €h)

xeX yeY

where p(x, y) is the joint probability distribution, and p(x) and p(y) are
the marginal probabilities. This step significantly reduces dimension-
ality by retaining approximately 90 % of the most informative variables.
The threshold of retaining 90 % of the most informative variables after
MI analysis was chosen to balance dimensionality reduction with in-
formation preservation. This cutoff was determined based on pre-
liminary tests showing that lower thresholds led to a decrease in
prediction accuracy, while higher thresholds increased computational
cost with negligible gains. Following MI, the dataset undergoes further
refinement using Lasso regression (Least Absolute Shrinkage and Se-
lection Operator) [29] combined with cross-validation. Lasso regression
minimizes the following objective function:
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where n is the number of samples, p is the number of features, y; is the
target variable, x;; are the feature values, f; are the coefficients, and 4 is
the regularisation parameter. Lasso penalizes less relevant features by
shrinking their coefficients towards zero, resulting in a sparse yet highly

informative subset. The final stage of feature selection employs a
Random Forest (RF) model [30,31] in conjunction with SHAP (SHapley

b;

Additive exPlanations) analysis [32,33]. After trial and error across
preliminary tests, the final model employed the top 5 features to achieve
the best combination of efficiency and accuracy.

SHAP values quantify the importance of each feature by calculating
the average marginal contribution of a feature across all possible subsets
of features:

I(p—|S| —1)!
4= BBl s - p(s) @

Sy

where N is the set of all features, S is a subset of features, p is the total
number of features, and f(S) is the model output with features in S.
Because univariate MI and linear Lasso can under-rank purely
interaction-driven features, the RF + SHAP stage recovers non-linear
and interaction effects before final selection. This procedure yields a
concise and reliable set of features tailored for accurate prediction.

To thoroughly evaluate the generalization capabilities of the model
and prevent data leakage, the pipeline utilizes a two-layer cross-vali-
dation approach. An outer Leave-One-Group-Out (LOGO) cross-
validation strategy is combined with an inner group k-Fold cross-
validation [34] for hyperparameter optimization. The outer
cross-validation loop was implemented with 31 folds, corresponding
exactly to the 31 unique experimental configurations (combinations of
layup, notch geometry, and loading angle), so that all specimens and
repeats of that configuration are held out together, never mixing
training and test data from the same geometry. Each outer fold isolates
all specimens from a single configuration as the test set, ensuring that no
data from the same physical scenario is seen during training or feature
selection. Within each fold, scaling and feature selection are performed
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exclusively on the training subset to strictly prevent any possibility of
data leakage. While this rigorous per-fold selection ensures no data
leakage, a post-hoc analysis confirmed the stability of the process,
revealing that a core subset of nodes—predominantly located in the
physical region of highest stress concentration ahead of the notch—was
consistently identified as most informative across the majority of
cross-validation folds.

Within each outer fold, the inner loop implements group k-Fold
splitting to accurately tune hyperparameters, ensuring results accurately
reflect model performance rather than sample dependencies. Hyper-
parameters including hidden layer sizes, dropout rates and learning
rates are optimised in Optuna [35] using the Tree-structured Parzen
Estimator (TPE) sampler. Optuna efficiently navigates the hyper-
parameter space through sequential model-based optimization, sys-
tematically searching for optimal values. Specifically, hidden layer sizes
range from 32 to 128 neurons, dropout rates vary between 0 and 0.2,
and learning rates span a logarithmic scale from 0.001 to 0.05. This
strategic exploration provides comprehensive yet computationally effi-
cient hyperparameter tuning.

The neural network architecture selected is a three-layer MLP [26,
27] enhanced by batch normalization (BN) to stabilise and accelerate
the training process. Hyperbolic tangent (Tanh) activation functions are
utilised within each hidden layer, interspersed with dropout layers to
prevent overfitting and enhance generalization. The employed MLP ar-
chitecture can be represented as:

Input : x < R4
HiddenLayers : For i=1,23:
2z = Wih;71 +bi with h/O =X

’ 2 — He
2, =BN(z;) = y———=+f;
\/oz +e )
h; = tanh(z))

h; = Dropout(h;, p;)
OutputLayer: y =w,h; +bs

where W; and b; are the weights and biases, p; is the dropout probability,
and y is the predicted fracture load. Training employs the Adam opti-
mizer for efficient gradient descent. The Adam optimizer updates the
parameters using:
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where g is the gradient at time t, 5 is the learning rate, $; and f; are
exponential decay rates, and ¢ is a small constant. Training efficiency is
optimised further using batch-wise gradient updates and an early stop-
ping mechanism based on validation loss performance. Additionally, an
adaptive learning rate scheduler (ReduceLROnPlateau) [36] dynami-
cally adjusts learning rates when training stagnation is detected,
ensuring efficient convergence towards optimal model weights without
unnecessary computational overhead.

Following hyperparameter optimization and training within each
fold, comprehensive evaluation metrics—including Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), and the coeffi-
cient of determination (R%)—are calculated. These metrics are defined
as:
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where y; is the true value, y; is the predicted value, y is the mean of the
true values, and n is the number of samples.

These metrics provide detailed insights into predictive accuracy,
error magnitude, and overall reliability. Results from all outer cross-
validation folds are combined to deliver an extensive and holistic
assessment of the model’s predictive performance. Fig. 7 demonstrates
the summary of the employed MLP algorithm for failure load prediction.

3.3. Convolutional neural network (CNN)

This study employs a CNN [23,24], specifically a modified
DenseNet-121 [37] architecture, to predict fracture loads in notched
laminated composites using strain field images. The developed method
integrates image preprocessing, data augmentation, and training prac-
tices. These components are carefully designed to achieve high predic-
tive accuracy, prevent data leakage, and ensure the generalizability and
reliability of predictions. Given the sensitivity of fracture load pre-
dictions to strain variations near notches, precise and consistent image
preprocessing is crucial. Fig. A.1 (in Appendix) illustrates representative
examples of strain field maps used as input for the CNN. The pre-
processing pipeline features two primary enhancements: automatic
notch masking via in-painting [38] and Contrast Limited Adaptive
Histogram Equalization (CLAHE, clip limit = 2.0, tile grid = 8 x 8) [39].
Notch masking involves automatically detecting the notch region (black
pixels) using Otsu thresholding (3 iterations with a 3 x 3 elliptical
kernel) [40]. Otsu thresholding maximizes the inter-class variance:

a3 (6) =wo(O)wr () (ko (£) — 1 (1))’ ©

CSV Input
(Features, Target)

Repeat for Each Outelf Fold (Group-Aware)

Feature Selection:
MI — Lasso — RF+SHAP

Group-Aware Scaling

(RobustScaler)

3-Layer Batch-Normalised MLP:

Dense(hl) — BN —
Tanh — Dropout

Dense(h2) — BN —
Tanh — Dropout

Dense(h3) — BN —
Tanh — Dropout
Linear — Output

(Early Stopping on Val Loss)

Hyperparameter Tuning
(Optuna, 50 Trials, Inner GroupKFold)

Fig. 7. Schematic representation of the 3-layer batch-normalised MLP used for
predicting fracture load from full-field numerical features derived from strain
field data. The pipeline includes outer-loop cross-validation with group-wise
holdout, followed by per-fold feature selection (mutual information, Lasso,
and SHAP), robust group-aware scaling, and hyperparameter tuning via
Optuna. The MLP architecture consists of three hidden layers, each followed by
batch normalization, Tanh activation, and dropout. The final output layer
predicts fracture load for each specimen.
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where wy(t) and w;(t) are the probabilities of the two classes separated
by threshold ¢, and p(t) and u;(t) are their means. Morphological dila-
tion [41] is then applied to refine the detected region. Dilation is defined
as:

A®B=2|B),NA+3 (10)

This region is replaced with local mean grayscale values calculated
from adjacent pixels, improving the signal-to-noise ratio by clearly
revealing critical strain gradients around the notch. This in-painting
strategy was specifically chosen over masking with a constant value to
preserve the local continuity of the strain field data and prevent the
introduction of artificial high-frequency edges at the mask boundary,
which could be misinterpreted as physical features by the CNN’s con-
volutional filters. Following notch masking, CLAHE is applied to
enhance the contrast of subtle strain differences by equalising local
histograms within small image regions. This technique effectively
highlighted key features necessary for the neural network’s learning
process. The chosen DenseNet-121 CNN architecture is pretrained on
ImageNet to ensure robust initial feature extraction capabilities. Given
the single-channel principal-strain inputs, the ImageNet-pretrained
DenseNet-121 was adapted by replacing the RGB stem (conv0) with a
1-channel convolution. To preserve the pretrained representation, all
remaining feature layers were frozen, and their BatchNorm layers were
held in evaluation mode; only the new 1-channel stem and the regres-
sion head were optimised. The final fully connected layer output a single
continuous value (fracture load), and the optimizer was applied solely to
the trainable stem and head.

To enhance model robustness and avoid overfitting, the training
dataset undergoes data augmentation. This includes random horizontal
and vertical flips, slight rotations (+10°), and minor brightness and
contrast adjustments [42]. It is worth emphasising that these augmen-
tations do not alter the underlying physics: they preserve the spatial
distribution and magnitude of the principal-strain field around the notch
(i.e., the salient gradient/intensity cues); this is consistent with Whit-
ney-Nuismer model that failure is governed by the local field in a
neighbourhood of the notch [3]. Each transform is applied on-the-fly
with the default 0.5 probability in torchvision.transforms, yielding an
average four-fold increase in distinct training samples per epoch. The
modest rotation span and conservative colour jitter widen the effective
dataset while preserving the local strain-gradient patterns essential for
accurate fracture-load regression. Small jitter helps robustness to minor
DIC exposure/lighting changes. These augmentation techniques diver-
sify the training data, allowing the CNN to learn generalizable features
rather than memorizing specific pixel configurations. Note that all
augmentations are applied only to the inner training subset within each
outer fold; inner-validation and outer-test images are evaluated without
augmentation.

The model optimization process involves a thorough two-stage
training approach within each LOGO cross-validation fold, resulting in
a total of 31 folds for 31 distinct test configurations. Initially, each
training fold is internally partitioned into an 80 % training and 20 %
validation subset, ensuring complete isolation of the test specimen to
strictly prevent data leakage. It is worth emphasising that hyper-
parameter tuning is conducted exclusively on this internal subset, uti-
lizing five chosen trials exploring critical parameters: learning rate
(logarithmically sampled between 107> and 10~3), and weight decay
(logarithmically sampled between 10~ and 107%). The AdamW opti-
mizer is used, and batch size is fixed at 8 to stabilise training on the
relatively small dataset, with each trial trained for up to 50 epochs on
the internal training set and evaluated on the internal validation set.
This strategy is adopted to ensure a balance between accuracy and
computational cost, as CNN-based analyses are considerably more
computationally intensive than the MLP.

With optimised hyperparameters determined, the final CNN for each
fold is trained on the complete internal dataset (combined training and
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validation subsets) for an additional 20 epochs. During this 20-epoch
refit, no validation-driven decisions are made: early stopping and any
validation-keyed schedulers are disabled. A fixed cosine-annealing
schedule is used, and only the final checkpoint is evaluated on the
outer-fold test set. The training utilizes the Smooth L1 loss function [43]
together with a very light target shrinkage (¢ = 0.01) applied during
training and validation to stabilise optimization in small batches; test
uses the original targets (no shrinkage). The Smooth L1 loss is defined as:

0.5x* x| <1

|x| — 0.5 otherwise an

Smooth L1(x) = {

where x =y - y, with y the true label and y the predicted value. During
training we replace each target by a lightly shrunk value toward the
mini-batch mean:

, o 1
Yi=1-a)yitaysys =B > i 12)
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where « is small shrinkage coefficient (set to 0.01), B denotes the current
training mini-batch and yg is the mini-batch mean target. This preserves
the expected label mean and reduces batch-to-batch variance; no
shrinkage is applied in validation or testing. A small ablation showed
that (a = 0.01) lowered error slightly without altering conclusions, so
we retain it.

Performance evaluation adhered strictly to the LOGO scheme, where
the model predicts fracture loads for each unseen test configuration (31
in total) individually. Reproducibility and robustness are ensured by
consistently setting model initialization seeds and data shuffling gen-
erators throughout all stages. Training dynamics are monitored using
cosine annealing learning rate scheduling [44], facilitating stable
convergence to optimal model parameters without manual intervention.
Cosine annealing adjusts the learning rate as:

1= Mo + 5 Ul i) (10517 (3)

where 7, is the learning rate at epoch t, #in and max are the minimum
and maximum learning rates, and T is the total number of epochs. We
decay # from its initial value to 1 x 107° using Tmax = 50 in the search
phase and Tpax = 20 during the final 20-epoch fine-tune.

A schematic view of the developed CNN structure is shown in Fig. 8.

To justify the selection of DenseNet-121 for the CNN architecture, a
comparative evaluation was conducted against other well-known
models, including ResNet-50 and EfficientNet-B0O, during the model se-
lection phase. These models were chosen as candidates due to their
established performance in image-based tasks and availability of pre-
trained weights on ImageNet, which facilitate robust feature extraction.
However, ultimately, DenseNet-121 provided slightly more accurate
predictions. The superior performance of DenseNet-121 might be
attributed to its dense connectivity pattern, which promotes feature
reuse and enhances the capture of complex strain gradients around
notches. Note that because we use only the maximum principal strain
component, the MLP operates on a low-dimensional tabular input (after
the three-step per-fold feature selection, reduces to five features), which
reduces model complexity and the data needed for effective learning and
generalisation. Also, the CNN ingests a single-channel image but still
observes a high-dimensional field, so explicit regularisation (dropout,
weight decay, early stopping) and physics-admissible augmentation
remain essential to prevent overfitting.

All experiments were conducted in Python, with PyTorch as the core
deep-learning framework. The CNN uses torchvision’s DenseNet-121
pretrained on ImageNet (we modified the first convolution to accept
single-channel strain maps and replaced the classifier with a single-
output regression head). Image ingestion and preprocessing for the
CNN (notch in-painting and CLAHE) were implemented with OpenCV
and Pillow. The MLP pipeline employed scikit-learn for data scaling,
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Fig. 8. Schematic representation of the DenseNet-121-based CNN used for fracture load prediction from 224 x 224 grayscale strain field images. The network
includes four Dense Blocks interleaved with Transition Layers. The final layers comprise a Global Average Pooling (GAP) and a fully connected regression output. The

number of output channels and spatial dimensions are indicated for each stage.

group-aware splitting, and evaluation metrics; Optuna was used for MLP
hyperparameter optimization, and SHAP provided post-hoc feature
attribution for tabular inputs. Figures were generated with Matplotlib.
All scripts execute unchanged on CPU or CUDA-equipped GPUs when a
compatible GPU is available.

4. Results and discussion
4.1. Prediction results

In this section, the fracture load predictions by the proposed
framework for the notched laminated composites are presented. In order
to compare the different cases and clearly demonstrate the accuracy of
the framework, the analysis utilizes three key performance metrics: R?,
MAE, and MAPE. MAE reports the average magnitude of residuals in the
same units as the response variable. R? expresses the proportion of
observed variance explained by the model, while MAPE normalises re-
siduals by the true values. It is worth emphasising that predictions are
obtained using Leave-One-Group-Out (LOGO), such that all replicates of
the held-out configuration are unseen during training, feature selection,
and scaling. Replicates are treated as independent samples; no averaging
or smoothing is applied to preserve real-world variability. This delib-
erate, data-driven choice allows the model to learn from specimen-to-
specimen differences and, in turn, improves training robustness. To
understand the accuracy of predictions across different specimens and
loading conditions, the predictions by the MLP model are visualized in
Fig. 9, while the predictions by the CNN model are shown in Fig. 10.
Replicate specimens within a group share the same marker style; each
point denotes a single specimen. The solid black line represents the ideal
prediction, serving as a benchmark for comparison. Furthermore, +20
% scatter bands, defined as 0.8 and 1.2 times the ideal prediction, are
depicted using red dashed lines to provide a clearer understanding of the
model’s performance and its deviation from perfect agreement with the
experimental data.

Considering Figs. 9 and 10, both models demonstrated excellent
alignment with experimental data for fracture load predictions, with
almost all predictions falling within the +20 % scatter bands, except for
the specimen with a 15° U-notch. Focusing on Fig. 2 h), the failure loads
for CP_15_UO and CP_60_UO are nearly identical, suggesting a possible
issue with experimental testing which is also suggested by both models.
The clustering of predictions for all different specimens with different
notches, anisotropy levels, and off-axis angles around the ideal line
suggests that the proposed framework effectively captures the me-
chanics driving fracture loads based on the principal strain field. In this
case, the MLP achieved a slightly higher accuracy of R? = 0.86 compared
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Fig. 9. Predictions of fracture load for different specimens using the maximum
principal strain field as input features in the MLP model. The solid black line
represents the ideal prediction, while the red dashed lines indicate the +20 %
scatter bands. The experimental data were obtained from Ref. [22]. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

to the CNN’s R% = 0.82 for predicting fracture load using DIC data.
Although CNNs are generally superior for spatial data due to their ability
to detect local patterns, several factors likely contributed to the MLP’s
better performance. The main reason may be the limited size of the
dataset. The employed CNN model contains around eight million pa-
rameters and thus needs heavy data augmentation, transfer learning, or
weight decay to prevent overfitting. An MLP with three hidden layers
and carefully tuned regularisation has a far lower number of parameters,
so it can reach its bias-variance sweet spot sooner. On the other hand,
MLP was fed by data only in the action zone. This focus reduces noise
and maintains model accuracy. However, the CNN takes in the whole
strain field image—everything from the critical notch area to far-off
regions. It is worth noting that the results of the CNN model would
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Fig. 10. Predictions of fracture load for different specimens using the
maximum principal strain field as input features in the CNN model. The solid
black line represents the ideal prediction, while the red dashed lines indicate
the +20 % scatter bands. The experimental data were obtained from Ref. [22].
(For interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

decrease to R? = 0.57 without augmentation (see section 3.3), but still
most data are within £20 % scatter bands. Overall, considering the
complexity of the problem, it can be argued that both models provide
remarkable predictive accuracy in an efficient way, without the need for
any simulations, or further analyses.

4.2. Effect of load level selection

The load level at which strain field data are collected is a key factor in
predicting fracture loads in this framework. Using DIC, the strain field
must be captured at a load that provides clear, reliable data without
causing any specimen to fail. Ideally, the reference load should be high
enough to provide a well-resolved, spatially coherent strain field, yet
low enough to remain below a conservative lower bound of the failure
load across all configurations. Achieving this balance is essential for the
deep learning models, MLP and CNN, to perform well. The main analysis
used a load level of 7 kN, selected to be high enough to be able to
represent the strain field correctly and exceed DIC noise thresholds
while remaining below the minimum observed fracture load (~8 kN). At
5 kN, the same model parameters were used to test the same conditions
under increased noise and a different load level, with the results shown
in Figs. 11 and 12. Note that the mean value of all failure loads is 14.7
kN, with 7 kN representing less than half of this value, and the maximum
failure load is around 26 kN.

For the MLP model, Fig. 11 showed that predictions at 5 kN closely
match those at 7 kN. Most data points stay near the ideal prediction line,
which suggests the MLP handles lower load levels well, likely because it
uses specific numerical features focused on strain near the notch, which
remain clear even with some noise. The CNN model, however, performs
differently. As seen in Fig. 12, its predictions at 5 kN scatter more widely
around the ideal line compared to 7 kN. This drop in accuracy points to
the CNN’s sensitivity to noise in the strain field images at lower loads.
Since the CNN processes full images (including strain patterns and minor
details like speckle or lighting flaws), a lower load weakens the signal-
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Fig. 11. Predictions of fracture load for different specimens using the
maximum principal strain field as input features in the MLP model evaluated at
a low load level of 5 kN. The solid black line represents the ideal prediction,
while the red dashed lines indicate the +20 % scatter bands. The experimental
data were obtained from Ref. [22]. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of
this article.)
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Fig. 12. Predictions of fracture load for different specimens using the
maximum principal strain field as input features in the CNN model evaluated at
a low load level of 5 kN. The solid black line represents the ideal prediction,
while the red dashed lines indicate the +20 % scatter bands. The experimental
data were obtained from Ref. [22]. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of
this article.)
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to-noise ratio, making it harder for the model to focus on the most
important features. It is important to note that, for the 5 kN evaluation,
both models were run with exactly the same settings as those used at 7
kN. Specifically, re-tuning the CNN to the 5 kN input distribution could
reasonably improve its predictive accuracy.

4.3. Effect of number of data points

For the MLP model, an important consideration in implementing the
framework is selection of representative nodes for the field distribution.
The baseline analysis used a grid of 200 nodes (10 along the shorter side
and 20 along the longer side of the rectangle) to extract strain values. To
test the model’s adaptability, two additional configurations were ana-
lysed: Case 1 with a high-density grid of 800 nodes (20 x 40), and Case 2
with a low-density grid of 50 nodes (5 x 10). These results are presented
in Fig. 13 a) and Fig. 13 b) respectively. By comparing these setups, the
analysis highlights how parameter selection influences the prediction
accuracy of the proposed approach.

Fig. 13 showed that for both high- and low-density configurations,
predictions remained robust for most specimens. However, slightly
larger deviations were observed for CP_15 and CP_45, which fall further
outside the +20 % bands compared to the baseline. These findings
demonstrate the flexibility of the feature selection algorithm in handling
different node density levels, from 50 to 800 nodes, without significant
loss of performance. The feature selection process plays an important
role by identifying the most informative nodes and enhancing the effi-
ciency of the framework. For practical applications, a moderate node
density considering a typical finite element mesh for the problem (e.g.,
200 nodes) offers an optimal balance between capturing essential strain
data and minimizing computational cost.

4.4. Effect of region of interest positioning

As mentioned, the MLP model relies on strain values extracted from a
rectangular region positioned close to the notch. However, placing the
sampling zone too close to the notch boundary risks unreliable
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measurements due to DIC limitations, while positioning it too far may
miss critical strain gradients. This section investigates how the distance
of the rectangular region from the notch tip as well as its size affects the
MLP’s predictive performance, offering insights into optimizing this
critical parameter for robust and practical applications.

The baseline configuration positioned the nearest edge of the sam-
pling zone 0.1 mm from the notch tip and 1 mm from the specimen edge,
yielding a rectangle with dimensions of 6.4 x 12.8 mm. To investigate
the impact of proximity, two alternative configurations are tested: Case
1, with the rectangle starting 0.5 mm from the notch tip (sampling zone
size: 6 x 12 mm), and Case 2, with the rectangle starting 0.3 mm from
the notch tip (sampling zone size: 6.2 x 12.4 mm). Note that in the
baseline configuration, the close proximity increases the likelihood of
missing strain data due to DIC inaccuracies. To reduce this, a simple
nearest-neighbour interpolation algorithm can be used to estimate
missing values. Results for these configurations are shown in Fig. 14,
with subfigures a) and b) representing the 0.5 mm and 0.3 mm distances,
respectively.

In Fig. 14 a), the 0.5 mm configuration produced predictions that
closely follow the ideal line for most specimens, comparable to the
baseline’s performance (0.1 mm). Data points cluster tightly within the
+20 % scatter bands, indicating that the MLP effectively captures
essential strain patterns even at a slightly greater distance and smaller
rectangle. Fig. 14 b) presents the closer distance to the notch tip, where
predictions remain robust, with most points within the +£20 % bands.
The MLP’s stable performance despite this challenge highlights the
strength of the feature selection pipeline—utilizing Mutual Information,
Lasso regression, and SHAP-based ranking—to prioritize high-impact
strain values.

4.5. Effect of DIC processing parameters

In the employed DIC software (VIC-2D), two key processing param-
eters—subset (correlation window) size and step (grid spacing), govern
the trade-off between precision, spatial smoothing, and sampling den-
sity, and therefore can influence the prediction quality. Larger subsets
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Fig. 13. Predictions of fracture load for different specimens using the maximum principal strain field as input features. The results are calculated based on dis-
cretizing the region of interest using a) 800 nodes, b) 50 nodes. The solid black line represents the ideal prediction, while the red dashed lines indicate +20 % scatter
bands. The experimental data were obtained from Ref. [22]. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web

version of this article.)
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Fig. 14. Predictions of fracture load for different specimens using the maximum principal strain field as input features in the MLP model. The results are calculated
for: a) 0.5 mm, and b) 0.3 mm distance between the region of interest and the notch tip. The solid black line represents the ideal prediction, while the red dashed lines
indicate +20 % scatter bands. The experimental data were obtained from Ref. [22]. (For interpretation of the references to colour in this figure legend, the reader is

referred to the Web version of this article.)

reduce random noise but increase the effective virtual strain-gauge
(VSG) length (the effective spatial averaging length used to compute
strain from the displacement field), which smooths strain gradients near
the notches. The step controls spatial sampling density and overlap be-
tween adjacent subsets; reducing the step increases the number of
evaluated points but, by itself, does not lower the per-point measure-
ment uncertainty; per-point uncertainty is primarily set by subset size. A
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practical and widely used choice is to keep step =~ (1/3-1/2) x subset to
ensure smooth, well-sampled fields without redundant computations
[45,46]. As stated, all primary analyses used a 15-pixel subset with a
7-pixel step.

To examine sensitivity, we reprocessed the dataset with a 21-pixel
subset and an 8-pixel step, which increases smoothing while maintain-
ing a typical overlap ratio. This combination was selected to test
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Fig. 15. Predictions of fracture load for different specimens using the maximum principal strain field as input: (a) MLP model, (b) CNN model. The results are
calculated using Subset = 21 px and Step = 8 px. The solid black line represents the ideal prediction, while the red dashed lines indicate +20 % scatter bands. The
experimental data were obtained from Ref. [22]. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of

this article.)
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whether additional smoothing alters the strain features learned by the
models. On the lower side, a 13-pixel subset was the smallest viable
value (given the available image resolution and speckle sampling); using
subsets <13 px led to local loss of correlation (small regions where the
strain field could not be computed), and those runs were therefore not
considered. For several checked cases, the strain fields obtained with 13
px and 15 px subsets differed only slightly and did not change the model
metrics, supporting the robustness of the baseline settings. The predic-
tion results for 21 px/8 px are presented in Fig. 15.

Using the baseline (subset = 15 px, step = 7 px), the models achieved
R% =0.86 (MLP) and R% =0.82 (CNN). When increasing smoothing via
(subset = 21 px, step = 8 px), performance decreased to R?=0.81 (MLP)
and R? = 0.75 (CNN)—absolute drops of 0.05 and 0.07, corresponding
to ~5.8 % and ~8.5 % relative reductions, respectively. As mentioned,
enlarging the subset increases the effective virtual strain-gauge length; it
reduces strain noise but also smooths the near-notch strain gradients
that carry predictive information for failure-load estimation. The small
step increase (7 — 8 px) slightly reduces sampling density without
lowering per-point noise; therefore, the observed degradation is domi-
nated by the larger subset. The CNN is more sensitive to this smoothing
because its convolutional filters rely on high-frequency spatial content
around the notch; the MLP, which aggregates a limited set of node
values within a fixed physical region of interest, shows a smaller but still
noticeable reduction. Together with our lower-bound trials (subsets <13
px led to local correlation loss in high-gradient/low-texture zones),
these results indicate that the baseline 15/7 setting provides a robust
bias-variance trade-off. Importantly, despite this degradation, both
settings still deliver high predictive performance (R? ~ 0.81 for MLP;
0.75 for CNN), demonstrating the framework’s robustness to moderate
DIC-processing variations.

To enhance the discussion, the effect of DIC camera settings on
prediction accuracy can be summarised as follows. Camera and optics
choices in single-camera 2D-DIC determine the object-space sampling
(mm-px~!) and, together with the processing parameters, define the
virtual strain-gauge length of the reported strain field; both directly
influence the information available to the ML models. A wider field-of-
view (FOV) at fixed sensor resolution coarsens the mm-px’1 scale and,
unless the subset (correlation window) and step (grid spacing) are re-
tuned, effectively enlarges the VSG, which can weaken notch-proximal
gradients that the models rely on. The recommended practice is to
select magnification/FOV so that speckle features are ~3-5 px in
diameter and each subset contains >3 x 3 speckles [45,46]. Lens se-
lection and calibration are equally critical: standard ‘entocentric’
photographic lenses are sensitive to out-of-plane motion and perspec-
tive, and uncorrected radial/tangential distortion introduces spatially
structured bias. It is recommended to use a calibrated lens-camera
system, i.e., perform full geometric calibration and apply the correction
so that reprojection (distortion) residuals are sub-pixel (typically
<0.1-0.2 px). Maintain adequate depth of field so the entire region of
interest—and any small out-of-plane motion during loading—remains
sharply focused, and lock focus and zoom after calibration to preserve
the calibrated geometry [45]. Moreover, changes in brightness over time
introduce random error into the measured displacements. Using
zero-mean normalised cross-correlation (ZNCC) or zero-mean normal-
ised sum of squared differences (ZNSSD) makes the correlation effec-
tively insensitive to linear intensity changes (offset and gain) [47].
Finally, the imaged speckle field should be sharp, high-contrast, and
well-sampled so that each subset contains a sufficiently distinctive in-
tensity pattern; otherwise, correlation precision degrades and a larger
subset is required, reducing spatial resolution and effectively increasing
the virtual strain-gauge window. Low-contrast or undersampled/blurred
speckles also promote interpolation-related errors (e.g., pixel-locking)
[45-47]. Collectively, these practices minimise camera-induced
domain shift and stabilise the input distribution for both the MLP
(node samples) and the CNN (full fields), thereby supporting robust and
accurate predictions.
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4.6. Discussion on feature selection algorithm

In this study, the MLP predicts fracture loads based on strain values
sampled from a grid of nodes near the notch. However, not all nodes
contribute equally to the prediction; including too many nodes can
introduce redundant information, increase computational cost, and
potentially reduce model accuracy. Feature selection solves this by
identifying the most critical nodes, ensuring the MLP focuses on the
strain values that matter most. Fig. 16 provides insight into how features
interact and contribute to the model’s predictive performance. It should
be noted that the results in this section are based on features from all
groups, not one-leave-out algorithm. Also, in Fig. 16 b), the origin is at
the centre of notches.

Fig. 16a) shows the SHAP summary for the Random Forest model
used in the feature-selection stage. Each point corresponds to one
specimen; the abscissa is the SHAP value (impact on the predicted
fracture load relative to the model baseline), and colour encodes the
scaled principal strain value at that node (blue = low, red = high).
Positive SHAP values mean that the node’s strain increases the predicted
fracture load for that specimen; negative values mean the opposite. As
can be seen, the two highest-ranked nodes are located in the near-notch
high-gradient zone, consistent with notch-controlled behaviour. For the
most influential node (—1.68, 4.02), lower principal strain at the
reference load tends to push the prediction upward—consistent with a
locally stiffer response being associated with higher capacity—whereas
a far-field node (e.g., 6.40, 8.29) shows the opposite trend, indicating
that more compliant global responses are associated with lower pre-
dicted capacity.

Following the analysis of the framework’s behaviour under varying
data selection strategies, the study acknowledges inherent limitations.
The small dataset size limits both models, particularly the CNN’s ability
to fully exploit its spatial learning capabilities. Also, CNNs are compu-
tationally more expensive; this is the reason why further parameter
tuning or analysis of the parameters’ effect was not performed for the
CNN model.

It can be argued that the proposed framework is material-agnostic in
principle because it learns a mapping from strain field to failure load
without embedding a material model (no constitutive law, failure cri-
terion, or finite-element simulation is employed at inference). It can
therefore be extended to other composite families such as glass-fibre
(GFRP), aramid/Kevlar (AFRP), and fibre-metal laminates (FMLs, e.g.,
GLARE). It is worth emphasising that, in practice, this mapping must be
calibrated for each material system. The following remarks summarise
widely reported trends across these materials. Under uniaxial tension,
CFRP generally fails in a fibre-dominated manner, with matrix cracking,
ply splitting and interlaminar delamination that develop and co-evolve
before fibre rupture [48]. In GFRP, the lower longitudinal modulus and
lower in-plane shear modulus (higher shear compliance) typically pro-
duce more spatially diffuse notch-root strain fields, with damage
dominated by matrix cracking, fibre-matrix debonding and shear-driven
failure [49]. Aramid/Kevlar laminates exhibit high tensile toughness but
comparatively poor compressive strength due to
microbuckling/kink-banding, and characteristically show fibrillation
and fibre pull-out in tension [50]. In fibre-metal laminates (e.g.,
GLARE), metal-layer plasticity interacts with interfacial debonding and
interlaminar delamination in the composite plies, yielding hybrid strain
fields that reflect both plastic zones in the metal and interlaminar shear
in the composite [51]. It is worth emphasising that the dataset used here
already spans a broad range of failure behaviours; moreover, the same
framework has been applied by the author to predict failure in PLA,
PMMA and steel [19,21], indicating the applicability of the method
across material classes.

Moreover, computational efficiency is a critical advantage of the
proposed framework for in-situ failure assessment. DIC processing in
VIC-2D required from seconds to a few minutes per test on a standard
workstation (Core i7-class CPU, 16 GB RAM; 12 GB VRAM). For the
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Fig. 16. a) SHAP summary plot for the top 5 features presenting them in Cartesian coordinates. b) Feature importance based on SHAP value of top 5 features
considering their locations. For the purpose of feature interpretation, this analysis was performed on a model trained on the full dataset.

learning stage per held-out group, final model training took ~0.8 s for
the MLP and ~26 s for the CNN (DenseNet-121) on the same worksta-
tion. Post-training, inference is near-real-time: the MLP evaluates a
single sample in ~0.004 s, and the CNN processes a 224 x 224 strain
image in ~0.01-0.07 s on GPU (a few tenths of a second on CPU for
small batches). Compared to FE-based progressive damage simulations
(hours per case), analytical models like Whitney-Nuismer (seconds but
several empirical calibrations and possibly lower accuracy), our
simulation-free, localized DIC approach is orders of magnitude faster,
ideal for in-situ failure assessment in complex structures. A key effi-
ciency benefit is that the workflow needs only the local strain field in a
small region around the notch. It does not require building a full finite-
element model of the entire structure or reconstructing detailed
boundary conditions and load paths (e.g., grips, contacts). By reducing
the problem to the notch-centred region of interest that governs failure,
the approach removes the dominant cost drivers in FE pipelines, thereby
enabling fast predictions from a single DIC frame.

Looking forward, several avenues can enhance this framework.
Expanding the dataset with additional test cases, particularly for U-
notch configurations and anisotropic layups, could improve the CNN’s
performance and generalization. Extending the framework to other
loading conditions, such as compression or fatigue [52], would broaden
its applicability in composite design and testing. On the other hand, the
proposed framework estimates fracture loads from single-frame DIC
maximum-principal-strain fields without explicit layup inputs, which
supports broad applicability across configurations for a known material
system. Another extension is to predict the lamina-level failure
sequence. To infer it, two additions are required (i) encode ply archi-
tecture (e.g., orientations/stacking): so the model can condition on
laminate design, and (ii) use temporal DIC (multi-frame strain maps over
load) to capture the progression of failure. Sequence-aware mod-
els—such as temporal CNNs, ConvLSTMs or Transformers—can exploit
these time series, while theory-guided ML can regularise learning and
multi-task outputs for onset loads and event ordering. Related strategies
have been validated for progressive damage identification in composites
[53-55].

From a practical point of view, it can be argued that since the
framework was able to successfully predict failure in notched laminated
composites for a variety of anisotropy levels, loading conditions, and
notch geometries using DIC, the previous problems solved by the same
framework, like finite fatigue life of notched components across
different materials [19], as well as fracture load and fracture angle
predictions in mixed mode loading conditions [21] can be tackled by the
framework using DIC and in-situ online approaches.
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5. Conclusions

This study presented a robust deep learning framework for in-situ
prediction of fracture loads in notched laminated composites using
only maximum principal strain field data acquired by DIC. The study
employed two different deep learning approaches: an MLP that pro-
cesses numerical strain values sampled from a grid of nodes near the
notch, and a CNN that operates directly on full-field strain images
extracted from DIC measurements to capture the complex interplay of
notch geometry, fibre orientation, and layup. The experimental dataset
used was notably diverse, comprising 116 tests across 31 distinct con-
figurations, including six laminate layups, four off-axis angles, and two
notch geometries. This encompassed a wide range of anisotropy levels,
both brittle and ductile behaviours, and diverse failure modes such as
fibre-dominated fracture and delamination. The results demonstrated
exceptional predictive accuracy, with the MLP achieving an R? = 0.86
and the CNN R? = 0.82, both exhibiting tight clustering of predictions
within +20 % scatter bands. These results confirmed the framework’s
ability to model the intricate mechanics driving fracture in notched
laminated composites.

The superior performance of the MLP highlighted the effectiveness of
its targeted feature selection process, which combines Mutual Informa-
tion, Lasso regression, and SHAP-based ranking to prioritize the most
valuable information around the notch tip. This targeted, numerically-
driven approach both enhanced accuracy and maintained computa-
tional efficiency, making the framework especially suited for real-time
or resource-limited monitoring. In contrast, the CNN utilizes the
detailed information in full-field DIC images to identify complex pat-
terns, though its predictions are more sensitive to the selected load level.
Sensitivity analyses further established that the MLP’s predictive accu-
racy remains stable across a wide range of numbers of input nodes and
locations of region of interest, and that it is robust to moderate variation
in DIC load levels, which is an important practical advantage. Further-
more, sensitivity analyses of the DIC processing parameters indicate that
increasing the effective virtual strain-gauge length—i.e., applying
stronger smoothing by using larger correlation subsets—reduces the
sharpness of near-notch strain gradients and produces a modest decrease
in predictive accuracy. Nevertheless, both models maintained high
overall performance, demonstrating robustness to practical levels of
smoothing. A key strength of this framework lies in its simplicity and
practicality, as it requires no additional finite element analysis—which
avoids full-geometry modelling and detailed boundary condition spec-
ification—and allows for the direct use of full-field strain measurements.
Once trained, both the MLP and CNN models demonstrate low compu-
tational times while relying solely on near-field strain distributions
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around the notch. This streamlined approach is particularly valuable for
in-situ structural health monitoring.

Declaration of competing interest
The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Appendix

Composites Part B 312 (2026) 113241

Acknowledgment

The author expresses his sincere appreciation to Dr. Anatoli A.
Mitrou for generously sharing raw videos of specimen deformation and
the associated load-displacement data reported in Ref. [22],
co-authored by Prof. Albertino Arteiro, Prof. José Reinoso, and Prof.
Pedro P. Camanho.

Fig. A.1. Maximum principal strain distributions for four composite specimens, showing experimental DIC measurements alongside finite-element validations. (a-d)
DIC-measured strain fields for (a) CP1560_15, (b) CP_45_U, (c) CP_45_UO and (d) CP_00. (e-h) Corresponding FE predicted strain fields for (e) CP1560_15, (f)
CP_45_U, (g) CP_45_UO and (h) CP_00. The FE contours are provided solely as a benchmark against the experimental DIC fields; no FE data were employed at any

stage of the machine-learning model’s training, validation, or inference.
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