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The reliable diagnosis of damage in carbon fiber reinforced polymer (CFRP) structures under variable loading
conditions remains a key challenge for ensuring structural integrity and extending service life. Acoustic Emission
(AE)-based machine learning (ML) methods have shown great potential, their performance often depends on loading
conditions, which are rarely quantified systematically. This study aims to quantitatively evaluate how loading
conditions affect the performance of ML-based damage diagnosis models. An advanced probability of detection
(POD) framework is developed mapping the diagnosis performance onto newly-introduced two-dimensional load-
dependent POD surfaces, incorporating both load amplitude and cyclic frequency as process parameters as well
as the likelihood of correct diagnosis statements as output. Acoustic Emission signals generated during controlled
cyclic loading of CFRP plates were measured, preprocessed, and used to train and test supervised ML models
for damage detection and classification. The resulting detection probabilities were computed for varying load
configurations, enabling a detailed visualization and analysis of load sensitivity. The results reveal distinct regions
of reduced detection reliability at specific combinations of load magnitude and frequency, highlighting the necessity
of considering operational loading when validating ML-based diagnostic systems. The proposed two-dimensional
POD approach represents a new and systematic quantification of load-dependent performance in AE-driven ML
damage diagnosis. This approach enables performance assessment under varying loading conditions and stimulates
future research on load-adaptive diagnostic models for complex composite structures.

Keywords: Acoustic Emission, Machine Learning, Probability of Detection, Damage Diagnosis, Reliability.

1. Introduction and literature review central role in addressing this challenge by en-

Carbon fiber reinforced plastics (CFRP) have be- abling continuous or periodic assessment of struc-
. . . . tural integrity throughout the service life of a
come indispensable in modern engineering ap- . .
S - . component. In contrast to conventional inspec-
plications due to their high specific strength and . : ) .
stiffness, low mass, and superior resistance to tion strategies, which are often interval-based and

environmental degradation. These attributes en- require system cliowntlme, SHM aims to qgtect
able lightweight structural designs that improve damage at an early stage and to support condition-

. : i based maintenance concepts. This is particularly
energy efficiency and reduce life-cycle emissions, .
P . . important for CFRP structures, where damage
motivating extensive use of CFRP in aerospace, ) ) )
. . . . such as matrix cracking, debonding, fiber break-
automotive, civil engineering, and energy-related

systems. As the structural relevance of CFRP con- age, or dela%mma.tl(.)n may devel.op .mte.rnally with-
; . . out producing visible surface indications Baccar
tinues to grow, ensuring their long-term safety, re-

liability, and cost-effective operation has become and Sb.ffker (2017,)' Without adequate monitoring
a critical challenge strategies, such hidden damage can accumulate,

Structural Health Monitoring (SHM) plays a compromise structural performance, and lead to
sudden failure.

1279



1280

Among available non-destructive testing (NDT)
techniques, Acoustic Emission (AE) monitoring
is well suited for SHM of composite structures.
Acoustic Emission is a passive sensing approach
that captures transient elastic waves generated by
active damage processes during loading. These
waves propagate through the material and are
measured by surface-mounted piezoelectric wafer
active sensors (PWASs), allowing damage to be
detected in real time without interrupting opera-
tion. Beyond simple event detection, AE provide
temporal and spectral information to characterize
the underlying damage mechanisms, making it a
powerful diagnostic tool for in-situ monitoring of
CFRP components.

Damage in CFRP manifests through multiple
failure modes, including matrix cracking, debond-
ing, delamination, and fiber breakage. These
mechanisms are commonly associated with char-
acteristic frequency ranges in the recorded AE
signals and can therefore be differentiated us-
ing time—frequency or frequency-domain features
Azadi et al. (2019); Baccar and Soffker (2017);
Chelliah et al. (2019). Lower-frequency AE sig-
nals are typically linked to delamination pro-
cesses, while matrix cracking and debonding oc-
cupy intermediate frequency bands. Fiber break-
age, representing the most critical damage mode,
generally produces high-frequency AE activity.
Although the absolute frequency limits depend on
material and testing conditions, the relative order-
ing of these mechanisms is consistently reported.

Accurate classification of damage types based
on AE data is a key requirement for meaningful
SHM. Recent studies demonstrate that machine
learning methods, including deep learning mod-
els, can achieve high classification accuracy when
distinguishing between isolated damage mecha-
nisms Sai Krishna et al. (2024); Liu et al. (2023);
Barile et al. (2022); Xue et al. (2025).

The performance of AE-based ML methods is
strongly affected by loading conditions such as
load amplitude and cyclic frequency, yet these
effects are rarely quantified systematically (Liebe-
ton and Soffker (2025)). Loading conditions in-
fluence AE signal generation and propagation,
and neglecting their effects can lead to overly
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optimistic performance estimates. A systematic
performance assessment under varying loading
conditions is essential to ensure the reliability of
AE-driven ML models. In this context, the proba-
bility of detection (POD) approach is well suited
to assess ML performance (Bakhshande et al.
(2022)), as it can account for variations in process
parameters, which are task-specific factors like
loading conditions, impacting the recognizability
of the target and the outcome, independently of
training/model-specific hyperparameters.

The POD approach is a statistical method for
assessing the reliability of diagnostic systems by
estimating the probability that a detection or pre-
diction method will successfully achieve its in-
tended objective. While POD was initially devel-
oped to validate nondestructive evaluation tech-
niques, it has been more recently applied in other
areas, including SHM (Falcetelli et al. (2022);
Leung and Corcoran (2021); Yue and Aliabadi
(2021)). The standard POD evaluation produces a
so-called POD curve, which depicts the probabil-
ity of successful target detection or prediction as a
function of the considered process parameter.

The use of POD to assess the performance of
ML models is still relatively uncommon. For ex-
ample, Nerlikar et al. (2024) applied the hit/miss
POD method to ML-based damage detection in
composites, considering delamination size as the
process parameter. Also, in Ameyaw et al. (2022)
and Rastin and Soffker (2024) POD was employed
to validate classifiers developed for predicting
driver lane-changing behavior.

In this paper, an advanced POD framework is
developed to enable the performance assessment
of AE-driven ML classifiers under varying loading
conditions. This approach maps diagnostic per-
formance onto newly introduced two-dimensional
(2D), load-dependent POD surfaces, incorporat-
ing both load amplitude and cyclic frequency as
process parameters, with the likelihood of correct
diagnosis serving as the output.

A one class support vector machine (1C-SVM)
is used for the detection of AE events and multi-
class support vector machines (SVMs) are used to
differentiate between the different damage types.
In addition to POD-based evaluation, the com-
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bined detection and classification results, consid-
ering all loading conditions together, are also re-
ported to provide a more comprehensive assess-
ment.

The advanced POD-based evaluation results
show the specific combinations of load magni-
tude and frequency at which the ML models
can reliably detect and classify different damage
types in the CFRP plates. By explicitly linking
model performance to load-dependent behavior,
this approach enhances the understanding of AE-
driven ML reliability, and motivates future re-
search on load-adaptive diagnostic models for
complex composite structures.

After the introduction, in section 2, the exper-
imental setup is described, followed by a discus-
sion of the signal processing and feature extrac-
tion methods, along with the machine learning-
based classification approach. The proposed POD
approach is also explained in this section. Ma-
chine learning evaluation results are presented in
section 3, and the findings are discussed in section
4. Finally, the work is concluded with a summary
and outlook in section 5.

2. Methods

The experimental methodology follows a two-
stage concept: controlled damage generation
and subsequent fatigue-type loading. Investiga-
tions are conducted on CFRP laminates with
90°/0°/90° fiber orientation, where damage is in-
troduced via mechanical indentation. This pro-
cedure, adapted from Wirtz et al. (2019), uti-
lizes varying indentor configurations to induce
global bending or localized matrix damage Bac-
car and Soffker (2017). Additional bending tests
are conducted to further diversify the damage
mechanisms within the dataset. Post-indentation,
specimens undergo cyclic bending. Cyclic exci-
tation is generated via a sinusoidal voltage sig-
nal, resulting in a nearly constant force Liebe-
ton et al. (2023). Frequencies range from 2 to
6 Hz with voltage amplitudes of 2 to 6 V, in-
ducing displacements of 6 to 10 mm. To account
for stiffness reduction during progressive damage
Wang and Zhang (2020), excitation is regulated
via electrical input rather than displacement con-

trol. Acoustic Emission data are recorded from
the pristine state to failure using surface-bonded
PWASs. Signals are conditioned and digitized
by an field programmable gate array (FPGA) at
4 MHz. Recorded signals are manually labeled as
noise or damage based on spectral characteristics
described in the literature. For processing, mea-
surements are divided into 2'°-sample windows,
treated with a half Hamming window, and charac-
terized by continuous wavelet transform (CWT)-
based features. Classification is performed using
SVM-based models. Binary classifiers maximize
margins between classes, while soft-margin for-
mulations and kernel functions handle nonlinear
boundaries. Multi-class tasks utilize one-versus-
all or one-versus-one strategies. Decision val-
ues are transformed into posterior probabilities
via sigmoid mapping Platt (1999); Chang and
Lin (2011) and quadratic optimization Wu et al.
(2004). Additionally, a one-class classification ap-
proach identifies anomalies based on deviations
from a learned boundary. Two workflows are eval-
uated Liebeton and Soffker (2025): a direct five-
class classifier and a two-stage process where a
one-class classifier removes noise prior to multi-
class classification. Model performance is vali-
dated using 10-fold cross-validation. Each dam-
age category includes 390 labeled samples, while
the noise class contains 1560 samples, partitioned
for training and testing.

To validate ML model performance under vary-
ing load amplitude and frequency, a 2D-POD
framework is developed, producing POD surfaces
that describe the probability of correct classifica-
tion as a function of excitation voltage and fre-
quency. The ML models’ output class probabili-
ties are used to evaluate them within this frame-
work. Test samples are fed into the trained models,
which provide the probabilities of belonging to
each class. The probability of correct classifica-
tion for a sample is defined as the probability that
the true class probability exceeds all others, that is,
greater than the maximum of the remaining class
probabilities. For six classes, this probability can
be expressed as

Pec = P(p.— pi>0), (D)

. max
J€{1,....6}, j#c
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Fig. 1. POD-based evaluation steps: (a) fitting a
surface to the data, (b) estimating the probability
that the response exceeds zero at each process pa-
rameter pair, and (c) generating the POD surface
and its 95 % lower confidence bound.

where p. denotes the predicted probability of the
true class and p; denotes the predicted probability
of class j. The quantity
4 = pc — maxp; @
J#c
is referred to as the response signal in the POD
terminology. Consequently, the probability of cor-
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rect and reliable classification is defined as the
probability that the response signal is positive.

The main steps of the POD-based evaluation in
this study are illustrated in figure 1. First, a model
is needed to capture the relationship between the
two process parameters and the response. Gaus-
sian process regression (GPR) is used to approxi-
mate the response surface, as the response lacks a
clear monotonic trend (figure 1a). Using the orig-
inal (untransformed) variable scales, the model is
formulated as

a = E[a] = f(a1, az) + ey, 3)

where f(-) is an unknown latent function mod-
eled as a Gaussian process, and &, ~ N(0,02)
represents additive Gaussian noise. For any point
(a1, az), the Gaussian process provides a predic-
tive distribution for the function value, which can
be written as

f(ay,ag) ~ N(f(al,ag), szc(ahag)), 4)

where f(a1,as) is the predicted mean, and
UJZ, (a1,as2) quantifies the prediction uncertainty
due to the limited or sparse training data. This
variance grows in regions farther from the train-
ing points, reflecting higher uncertainty. The final
error for each predicted observation combines the
Gaussian process predictive uncertainty and Gaus-
sian noise, resulting in a normal distribution with
mean equal to the predicted value and standard
deviation equal to

Ototal = O‘]%(CL’{, a;) + O-%' (&)

Four different combinations of Cartesian and
logarithmic scales for the independent variables
a1,as and the dependent variable a are tested
when fitting the GPR models. The model with the
highest in-sample R? is selected to best character-
ize the response and its uncertainty at the observed
parameter combinations, rather than to optimize
prediction at unseen points. Because of repeated
measurements and explicit modeling of measure-
ment noise, the predictive uncertainty does not
vanish at the training points.

The probability of correctly detecting the dam-
age class at a given voltage-frequency pair (Eq. 1),
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is the probability that the predicted response ex-
ceeds the decision threshold (here zero). Con-
sidering the total GPR prediction error e;otq; ~
N(0,07,,). this probability is equal to the area
under the probability density function (PDF) of
€total, centered at the GPR-predicted mean, and
above the threshold. This area is illustrated by the
shaded regions in figure 1b for response values of
0.05, 0.10, and 0.20. The variables are expressed
on Cartesian scales, so the probability of detecting
the damage class can be given by

Ototal

POD(al,ag) = P(& > 0) =1- q)(

where ® represents the cumulative standard nor-
mal distribution function. Although GPR provides
point-wise uncertainty, a 95 % lower confidence
bound of the POD surface is computed using the
Wald method to quantify statistical uncertainty.
This bound ensures that the true detection prob-
ability is at least the reported value with 95 %
confidence. A POD surface and its 95 % lower
confidence bound are shown in figure 1c. The
bound can be presented as a heatmap over the volt-
age—frequency plane, which highlights regions of
reliable classification and areas where detection
performance declines.

3. Results

The performance of the proposed classifica-
tion strategies is assessed based on their ability
to jointly detect and classify AE events using
CWT-based features.

3.1. Detection and Classification results

In the direct classification approach, a five class
support vector machine (5C-SVM) is trained to
distinguish noise from four damage mechanisms;
detailed results using CWT-based features are pre-
sented in Liebeton and Soffker (2025) and sum-
marized in figure 2. This strategy identifies all
noise-related signals and achieves an overall ac-
curacy of 98.8 %, with individual class accuracies
reaching up to 98.5 %.

The two-stage framework—utilizing an initial
one-class detection step followed by a four-class
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Fig. 2. 5C-SVM direct classification results using
CWT-based features Liebeton and Soffker (2025)

classification—is evaluated in figure 3. This ap-
proach achieves perfect detection of all damage
events and an improved combined accuracy of
99.3 %. These findings, further detailed in Liebe-
ton and Soffker (2025), indicate that decoupling
noise suppression from damage classification en-
hances the robustness and performance of CWT-
based feature sets.
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Fig. 3. Combined 1C-SVM detection and 4C-
SVM classification results using CWT-based fea-
tures Liebeton and Soffker (2025)

Overall, both evaluated strategies successfully
distinguish damage-related AE signals from noise
when using CWT-derived features. In the di-
rect classification approach, only a single dam-
age event remains undetected, whereas the two-
stage framework achieves perfect detection. The
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improved performance of the latter approach high-
lights the benefit of decoupling noise suppression
from damage classification. The strong results
obtained with CWT-based features confirm their
suitability for characterizing highly transient AE
signals and support their use in both direct and
staged classification architectures.

3.2. POD-based evaluation results

The POD approach described in section 2 is ap-
plied to evaluate the ability of the ML models to
correctly detect and classify each damage type un-
der varying loading conditions. Due to the limited
number of available test samples for each damage
class, the GPR model does not generalize well to
unseen data. Nevertheless, by incorporating the
noise level inferred from repeated measurements
at identical process parameters together with the
model uncertainty, the predicted means and stan-
dard deviations are expected to approximate the
true values at the training points without overfit-
ting the training data. Only the total GPR predic-
tion error at the training points is used for the POD
calculation. A cubic scattered data interpolation is
applied to the sparse POD values to obtain smooth
POD surfaces.

The resulting lower confidence bound POD sur-
faces for the 5C-SVM classification model and
the combined 1C-SVM detection with 4C-SVM
classification models are shown in figures 4 and
5 as heatmaps over the voltage—frequency plane.
For brevity, only the results obtained using CWT-
based features are presented, as these features
yield better detection and classification perfor-
mance, as shown in section 3.1. The POD values
are illustrated in figures 4 and 5 throughout the
parameter space, enabling direct identification of
excitation voltage—excitation frequency combina-
tions that yield reliable correct classification, as
well as regions where detection performance de-
teriorates. In standard POD practice, a probability
of detection above 90 % is typically considered in-
dicative of reliable performance. The regions with
POD values exceeding 90 % are shown in yellow
in the presented heatmaps. Similar POD patterns
can be observed when using the SC-SVM direct
classification model and the combined 1C-SVM
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detection with 4C-SVM classification models. In
both cases, reliable detection and classification of
delamination and fiber breakage are achieved over
a wider range of excitation voltage—frequency
combinations. The region of reliable damage iden-
tification is slightly smaller for matrix crack dam-
age, while for debonding it is limited to a narrow
region around excitation voltages of 2-4 V and an
excitation frequency of approximately 2 Hz.

4. Discussion

From the presented results (figures 2 and 3), it
can be observed that validating the performance of
the ML models solely using the confusion matrix
and the associated performance metrics, without
accounting for the loading conditions, suggests an
overall very good model performance. However,
such an evaluation can be misleading. The pro-
posed POD-based evaluation clearly demonstrates
that this good performance is achieved only under
specific loading conditions (figures 4 and 5).
Unlike conventional classification metrics, the
POD framework provides a probabilistic assess-
ment of detection capability while explicitly ac-
counting for uncertainties arising from loading
variability, measurement noise, and model predic-
tions. This enables a more realistic and reliability-
oriented evaluation of the ML models. The POD-
based approach allows the identification of oper-
ational regions in which the models perform reli-
ably, as well as conditions under which their relia-
bility significantly degrades. Consequently, POD-
based evaluation offers a more comprehensive and
physically meaningful validation framework, par-
ticularly for safety-critical applications, where un-
derstanding the limits of model applicability and
quantifying detection confidence are essential.

5. Summary and Outlook

The investigation into AE signal processing con-
firms that CWT-based features provide a highly
effective foundation for both direct and two-stage
classification strategies. While a direct 5-class
SVM approach performs admirably, the decou-
pled two-stage framework, separating noise sup-
pression from damage classification, reaches a
superior detection rate and an overall accuracy
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of 99.3 %. To move beyond static performance
metrics, a POD evaluation was implemented us-
ing Gaussian Process Regression to map model
reliability across a range of excitation voltages
and frequencies. This analysis reveals that reliable
classification (POD > 90 %) for delamination and
fiber breakage occurs over a broad operational
envelope, whereas the window for identifying
debonding is significantly more constrained. The
resulting POD heatmaps serve as a critical diag-
nostic tool, pinpointing the specific loading condi-
tions where the machine learning models maintain
their integrity and where they begin to falter. This
probabilistic validation framework demonstrates
that traditional accuracy scores can be misleading,
as they mask performance sensitivities to physical
loading variability. Consequently, incorporating
POD into the validation pipeline offers a more
rigorous and physically meaningful assessment
of model reliability for safety-critical structural
health monitoring.

Future work will focus on further improving
diagnostic reliability using decision fusion con-
sidering POD performance of the individual ap-

proaches.
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