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Abstract

This research paper presents a guided wave (GW)-driven framework for structural health monitoring
of composite wind turbine blades, leveraging both experimental and numerical data in conjunction
with a hybrid machine learning (ML) approach for accurate damage identification and classification.
High-fidelity ultrasonic GW signals were collected under controlled laboratory conditions for pristine
and damaged blade states, including erosion damage, longitudinal debonding, and transverse
debonding. Finite element simulations, incorporating a tri-array of sensors, were further employed to
enhance spatial resolution and replicate complex wave-damage interactions. All GW signals were
converted into time-frequency representations using scalogram analysis, enabling rich feature
encoding of frequency dispersion characteristics for each damage case. These scalogram images were
used as input to a two-stage ML classifier based on transfer learning, which first performs binary
damage detection, followed by multi-class classification of damage types. The proposed model
achieved high classification accuracy across both synthetic and experimental datasets, with statistical
confidence intervals confirming the robustness of predictions. This methodology demonstrates the
viability of integrating physics-informed data with ML to enable automated, high-resolution health
status monitoring of composite blades and supports its scalability for deployment in operational wind
energy systems.

Keywords: guided waves; structural health monitoring; composite materials; wind turbine blades;
machine learning; ultrasonic sensing.

1. Introduction

Wind energy has proved itself to be a notable contributor in the renewable sector, ranked by the
International Energy Agency (IEA) as the second most prominent clean source after solar energy [1].
As the Global Wind Energy Council (GWEC) reported, the world’s installed capacity for wind power
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reached an unprecedented record in 2024, adding approximately 117 gigawatts within a single year,
which was enabled by new wind farms constructed in 54 countries. The share of wind energy in the
renewable market is yet projected to triple by 2030 [2]. Accordingly, the accurate assessment of wind
turbine structural anomalies using novel approaches seems more crucial to guarantee their reliable,
cost-effective operation over the long run [3], [4].

Industry-grade wind turbines are not easy-to-access equipment as they are often tall structures,
located far from each other within a remote area. In addition, they routinely operate in harsh
environmental conditions, exposing their components to a broad span of damage conditions. For
instance, ‘wake effects’ in diverse geographical regions under varying atmospheric conditions not
only cause significant annual energy production (AEP) losses ranging from 28% to 45% [5], [6], but
also compromise wind turbines’ structural integrity due to increasing fatigue loads in rotor blades by
5% to 15% [7], [8]. The operation and maintenance (O&M) costs for onshore wind turbines typically
make up 12-30% of their total lifetime costs, while for offshore counterparts, these costs are reported
to be around 32% or more [9]. Such figures indicate that early anomaly detection through innovative
Structural Health Monitoring (SHM) is essential for ensuring that wind farms operate efficiently and
safely, with minimum downtime and maintenance costs.

WTBs are commonly manufactured from composite materials like glass-fibre reinforced polymer
(GFRP) because they are cost-effective and considerably light, while providing high strength [10].
On the other hand, these composite structures are highly likely to experience damage scenarios-e.g.,
delamination, debonding and crack-which are caused by manufacturing defects, varied loading, and
environmental factors [11]. Moreover, damaged WTBs are difficult to recycle and frequently end up
in large landfills, negatively affecting the environment [12]. WTBs can also directly impact wind
turbine’s functionality. Therefore, they require continuous condition monitoring with high
effectiveness and sensitivity [13], [14].

A wide range of non-destructive inspection and condition monitoring methods have been developed
for WTBs, including vibration-based monitoring, acoustic emission (AE), infrared thermography,
fibre-optic sensing, and ultrasonic guided wave (GW) propagation. Comparative reviews have
summarized their performance in terms of sensitivity, detection depth, deployment requirements, and
cost-effectiveness [15], [16], [17]. Although vibration-based methods can provide global indicators
of blade health, they suffer from several limitations. First, they are often insensitive to small or
incipient damage, as changes in modal properties only become measurable once defects reach a
significant size [18]. Second, vibration signals are influenced by varying environmental and
operational conditions (e.g., wind speed, rotor speed, temperature), which can mask or mimic damage
signatures [19]. Finally, detecting and localizing damage in large composite blades is difficult because
global vibration modes lack spatial resolution, making it challenging to pinpoint the damage site
without sensor-heavy setup or complementary techniques [20]. Acoustic emission (AE) can detect
early damage in composite WTBs, but its use is limited by strong sensitivity to ambient noise and by
wave attenuation in long blades, which complicates reliable and agile damage localization in many
cases. These issues often necessitate dense sensor layouts and advanced filtering techniques [18],
[19]. linfrared and thermographic methods are effective for detecting near-surface flaws but require
sufficient thermal contrast and line-of-sight access [18]. While fibre-optic sensing offers excellent
accuracy and distributed sensing capability, it can be costly and requires extensive installation,
particularly in large blades [20]. Furthermore, drone-based imaging has recently grown in use for
SHM of WTBs; however, it often faces real-world challenges such as sensitivity to environmental
conditions, limited resolution, and regulatory constraints, which affect data quality and consistency
[21], [22].

In comparison to the above-mentioned non-destructive inspection and condition monitoring methods,
GW-based structural health monitoring (SHM) has gained popularity for composite WTBs. In favour
of high frequency ultrasound waves, the GW technique can efficiently cover large portions of



structures 1n a relatively short time using relatively few transducers, while also enabling in-depth
detection. This capability makes the method highly effective for early identification and
characterization of hidden structural anomalies, not accessible to visual or thermal inspection [23],
[24], [25]. GW techniques demonstrated promise for all SHM levels - namely: detecting, localizing,
quantifying, and classifying damage, and ultimately, assessing structural integrity [26]. Some studies
showed that GW based SHM methods could accurately detect hidden defects in complex composites
with multiple layers [27], [28], [29]. Such linear and nonlinear techniques can be exploited for highly
sensitive, long-range monitoring of insignificant discontinuities in different layers [30], [31], [32],
[33]. Typically, a network of low-cost and lightweight broadband transducers e.g., piezoelectric lead
zirconium titanate transducers (PZTs) are mounted on the surface of blades [29].

Two GW techniques namely non-linear acoustics and a ‘pitch-catch’ method was exploited by Yang
et al. [34] to investigate wave behaviour in small-scale turbine blades. Their research resulted in
successful detection and localisation of impact damage. Shoja et al. [35] further developed GW
techniques to employ an icing index for detecting ice formation on blades. Another research [36] used
phase velocity variations to defect identification and sizing with high accuracy. Nevertheless, GW
Nevertheless, GW techniques also face limitations. Wave propagation in anisotropic, multi-curvature
composites such as WTBs is sometimes dispersive and attenuative, complicating signal interpretation
and damage localization. Environmental and operational variability can add further uncertainty, and
significant computational resources are often required for advanced signal processing [19], [36].

As a solution to these challenges, the analysis of structural data using machine learning (ML)
algorithms has been increasingly utilized for autonomous condition monitoring of composite
structures, including WTBs. Humer et al. [23] applied a deep neural network (DNN) to extend a wave
damage interaction coefficients (WDICs) database for damage identification, correlating the
generated GW data and potential damage characteristics of plate-like structures. Kundu et al. [37]
generalised an ML-based method for AE damage localisation and characterisation on a carbon fibre
composite panel under variable loading. Some researchers have utilized innovative ML-based
methods to improve wind turbine health monitoring. Oliveira et al. [14] proposed an NDT framework
for WTB damage identification through a ‘novelty detection’ algorithm, where they employed the
discrete Fourier transform (DFT) and principal component analysis (PCA) for feature extraction from
ultrasound signals after denoising them using the discrete wavelet transform (DWT). Movsessian et
al. [38] suggested a two-layer artificial neural network (ANN) regression model for a vibration-based
SHM system to detect wind turbine damage during operation.

Many recent works have presented ML-based SHM methods to autonomously assess damage in
laminated composites. These evolving approaches blend ML architectures with established methods-
e.g., GW-based techniques. Powerful prediction algorithms can be developed by data-driven ML
models, bypassing the need for explicit implementation of pre-established solutions [39], [40], [41].
As a case in point, Junqueira et al. [42] presented a two-stage Digital Twin (DT) based on a deep
learning (DL) framework, narrowing the difference between GW signals recorded during simulation
and experiment (low-and high-fidelity data, respectively), and subsequently producing considerably
‘close-to-experiment’ signals. Such approaches will enhance SHM outcome, especially in situations
where reliable experimental or on-site data is limited. In this regard, ‘detection probability’ charts can
also be generated to investigate the reliability of SHM systems. Cappugi et al. [43] suggested an ML
model to estimate wind turbine power loss caused by erosion on the blades’ edge. A large dataset was
generated using computational fluid dynamics (CFD) model for a lab-sized wind turbine, validated
by some experiments.

To boost traditional methods, a variety of recent studies employed ML-based frameworks to detect
and/or categorise damage type or severity. A new study [44] merged the phased array guided wave
(PAGW) technique and finite element (FE) modelling with DL to quantitively evaluate damage in
cracked curved plate structures and yielded better results relative to traditional curve-fitting



approaches. Wu et al. [45] exploited an inverse Bayesian process based on a GW interaction model
to identify damage across an infinite plate. Another work [46] analysed Lamb waves in composite
blades via a Bayesian algorithm, with a focus on enhancing sensor arrays. Xue et al. [47] introduced
a multi-task Bayesian learning model to localise damage using data collected from a small set of
sensors. Also, a convolutional neural network (CNN) blended with ‘Large Eddy’ simulation was
exploited in a recent study [48] to predict wake and generated power associated with an offshore wind
turbine. Another ML model was employed to detect icing on wind turbine rotors and the associated
power loss, wherein data from a large network of sensors were combined with physical data to
enhance the output [49].

Recent publications indicate that there remains significant potential to establish intelligent SHM
frameworks for composite blades, interpreting adequate GW data from various damage conditions
through a tailored ML architecture. Larger response datasets usually pave the way for a more effective
ML algorithm, capable of more accurate damage detection and classification. There are, however,
limitations for accumulating large amount of reliable data through only experiments. It is not viable
to conduct numerous standardised tests under fully controlled conditions in both research and
industrial settings. Variability in ambient conditions and the human error can lead to inconsistencies,
with repeated laboratory tests often yielding slightly varying, or in some cases yield significantly
divergent results. Therefore, it is critical to generate sufficient data through validated numerical
simulations. This offers a controlled and repeatable means to complement the experimental results.

This paper proposes a custom-designed, data-driven SHM system for composite WTBs, which is
achieved through collecting and classifying a large GW dataset from experiments and numerical
simulations. First, limited GW response data were collected through laboratory tests on healthy and
damaged composite WTBs. Next, FE models were developed in Abaqus/CAE, defining multiple
sensing points, instead of using a small set. After verifying the FE simulations using experimental
GW signals, both experimental and simulated signals were converted to red, green, and blue (RGB)
scalograms, to be imported into a ML model. The hybrid ML architecture is specifically designed to
distinguish between damaged and undamaged blades, as well as to categorise the type of damage.
Key stages of the proposed work are illustrated in Fig 1.
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Fig 1. Flowchart of damage identification and categorisation.

2. Experimental investigation

The propagation behaviour observed in composite specimens is governed by dispersion, anisotropy
and frequency-dependent attenuation introduced by the laminate architecture and fibre orientations,
so mode shapes, phase/group velocities and energy partitioning must be characterized for the specific
lay-up and frequency band used [50]. Experimental work on composite panels and scaled blades
shows that interactions between GWs and damage produce reflections, scattering and mode
conversions whose signatures (time-of-flight shifts, amplitude reductions or new arrivals) are the
primary observables exploited for detection and localisation in the lab [51]. Importantly for WTB
specimens, geometric effects of blades like local curvature, ply-by-ply lay-up, thickness variation and
boundary conditions can significantly alter amplitudes and arrival times compared with flat, isotropic
plate baselines, so these factors are routinely included in laboratory test designs and interpretation
[52]. Finally, the choice and mounting of PZT actuators/sensors (type, bonding method and relative
placement) strongly affects which modes are excited and the signal clarity recorded in lab tests and
therefore must be described and controlled when validating finite-element models or comparing
experimental cases [53]. Building on the mentioned principles, different PZT transducers were
examined in several locations across the blade samples, ensuring the best resolution of the captured
signals using an appropriate excitation frequency. Consequently, the setup configuration and
experimental procedure are proposed as follows. Actuation-induced GW propagation signals were
recorded during a set of laboratory experiments on scaled down blade samples.
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Fig 2. (a) Experimental setup for GW-based inspection of WTB samples, and depiction of WTBs for:
(b) erosion damage (c) longitudinal debonding (d) transverse debonding.

The collected data were subsequently exploited to verify the FE models described in Section 3. For
actuation and reception of GW signals, circular PZTs with a diameter of 8 mm and a thickness of 0.5
mm were attached to the surfaces of both undamaged and damaged composite WTB samples using
superglue. The sensor network was operated via a signal generator and data acquisition system. Four
scaled-down WTB samples were considered for experimental study: one healthy blade (H), and three
blades with erosion damage (ED), longitudinal debonding (LD), and transverse debonding (TD). A
damage size of 25mm x Smm was considered on the surface of each damaged case. All blades were



500 mm long and made of a glass fibre reinforced composite (GFRC) laminate (0°/90°/45°/-
45°/90°/0°). Fig 2 presents the experimental setup and schematic depiction of blades under three
damage scenarios. All experimental analyses were conducted using 5-cycle Hanning windowed sine
burst signals at a frequency of 150 kHz, as the excitation for the PZT sensors. The actuation signal is
shown in Fig 3 in both time and frequency domains.
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Fig 3. Five-cycle sine actuation signal in a Hanning window at 150 kHz
(a) in temporal domain, and (b) its frequency domain.

In guided wave experiments, noise may arise from several sources, including electrical interference
from the instrumentation, ambient vibrations or acoustic disturbances in the laboratory, boundary
reflections at the specimen edges, and local variations within the composite material. To minimise
these effects, a 5-cycle sine-Hanning pulse centred at 150 kHz was employed, which confined the
excitation to a narrow frequency band and reduced unwanted reflections. Signals were further
stabilised through averaging during acquisition, which suppressed random electronic noise.

3. Finite element analysis

To accurately simulate the healthy and damaged blades, three-dimensional (3D) finite element (FE)
models were developed using Abaqus/CAE Academic Edition 2022. These models are verified by
experimental GW signals detailed in Section 2.

3.1. Damage initiation and evolution criteria

The failure behaviour of composite materials is commonly modelled in two stages: damage
initiation and damage evolution, as per the progressive failure theory. In this work, Hashin’s
failure criteria are adopted for predicting damage initiation in fibre-reinforced composites [50].

Hashin’s criteria categorize failure into four distinct modes: fibre tension, fibre compression,
matrix tension, and matrix compression. Each mode is governed by a separate initiation equation
involving the components of the effective stress tensor and relevant strength parameters of the
material. The criteria also incorporate the influence of shear stress through a coefficient that
modulates its contribution, particularly for the fibre tension and matrix modes [50] [S1]. The
effective stress, 7, is derived from the nominal stress, g, using a damage operator, M, such that:

&=(1)



The damage operator modifies the stress response based on the internal damage variables
corresponding to fibre damage (d ), matrix damage (d,,) and shear damage (d;). Initially, in the
absence of any damage, the operator is the identity matrix, indicating purely elastic behaviour.
Once damage initiates in any mode, the operator introduces reductions in the effective stress that
propagate through the structure and influence further damage initiation and progression.

Following initiation, damage evolution governs the degradation of material stiffness as damage
propagates. This evolution is represented through a damage-modified elasticity matrix €4, which
accounts for the loss of stiffness in the fibre, matrix, and shear directions. The material stiffness
response (o) is then computed as:

o=Ca(2)
where ¢ is the strain tensor [50].

The evolution of damage is modelled using equivalent stress—displacement relations specific to
each failure mode. These are defined using the Macauley bracket operator to distinguish between
tension and compression. The equivalent displacement §,4increases from an initial value 62q at

damage onset to a critical value 6£q at complete failure. The damage variable d for each mode
evolves linearly according to:

d= ‘qu(‘seq B 5261)(3)

5eq (6£q v 6211)

The critical equivalent displacement 6£q is determined from the fracture energy (G.),

representing the area under the stress—displacement curve, assuming a linear softening law [50]
[51].

The entire damage initiation and evolution framework, including Hashin’s criteria and stiffness

degradation, has been implemented in Abaqus/CAE through the material properties relevant to
damage initiation and evolution of the GFRC blades [52], as presented in Table 1.

Table 1. Material properties for damaged regions as per Hashin’s criteria.

Property Value
Tensile strength - fibre direction (GPa) 1.0123
Compressive strength - fibre direction (GPa) 0.978
Tensile strength - perpendicular to the fibre direction (GPa) 0.0295

Compressive strength - perpendicular to the fibre direction (GPa) | 0.1718

Longitudinal shear strength (GPa) 0.0353




Transverse shear strength (GPa) 0.0353
Fracture energy for fibre tension (N/m) 300
Fracture energy for fibre compression (N/m) 300
Fracture energy for matrix tension (N/m) 600
Fracture energy for matrix compression (N/m) 600

3.2. Simulation

A set of FE simulations were run to produce a large, reliable dataset for one undamaged and three
damaged blades namely: healthy (H), erosion damage (ED), longitudinal debonding (LD), and
transverse debonding (TD). Similar to laboratory experiments in Section 2, all modelled blades
were considered to be made of GFRC, with the same dimensions 500 mm long and 3 mm thick.
Table 2 provides an overview of the cases analysed. The elastic material properties used for
undamaged regions of all blades are given in Table 3, where the subscripts 1, 2, and 3 correspond
to the longitudinal, transverse, and thickness directions of the blades, respectively.

The HASHIN criteria is used to model progressive damage failure models. The model works
well where the overall damage information is sufficient [53].[54] It was also observed that the
comparison of experimental and numerical simulations demonstrated a high level of agreement
in terms of the global deformation [53][54]. PUCK failure criteria are used to obtain a detailed
analysis to understand damage occurrence in individual constituents. Although PUCK failure
criteria is a better predictor of the distribution of failure than the HASHIN criteria [54]; the
present model incorporates cohesive zone modelling (CZM) and HASHIN criteria to model
erosion damage, longitudinal debond and transverse debond.

The wind turbine blade (WTB) is modeled using an elliptical cross-section that is extruded to a
depth, serving as the reference section. Subsequent sections along the blade length are created by
extending this cross-section using datum planes positioned longitudinally along the blade. The
curved sections are provided using spline in the sketch module. These cross-sections are then
connected through solid extrusion in the Part module. The datum planes are aligned to correspond
with the WTB length used in the experimental study. After suitable partitioning to facilitate
proper meshing, the solid WTB model is converted into a shell model. Material properties are
assigned through the shell composite section, with inputs specifying the thickness and orientation
angle of each ply. The elastic material properties used for the WTB are given in Table 3 and the
orientation angles for each ply are detailed in Section 2 of the manuscript. The WTBs are
modelled using four-node doubly curved S4R elements, each measuring 0.5 mm X 0.5 mm,
featuring hourglass control and reduced integration.

In the 3-mm thick composite blade laminate, multiple zero-volume damage regions were
introduced to replicate damage sizes detailed in Table 2. The node-to-node connections within
the targeted elements were removed to precisely model the damage scenarios. Damage modelling



1s carried out without the use of cohesive elements. The elastic properties of the damaged
elements are scaled by a factor corresponding to their thickness. For both longitudinal and
transverse debonding, this scaling factor is taken as 0.0132 mm, with the corresponding modulus
of elasticity and shear modulus in both directions specified as 850 MPa [55]. To replicate the
effect of cohesive behaviour without explicitly including cohesive elements, the modulus values
are upscaled based on the thickness factor. For the erosion damage model, a thickness of 1x10-¢
mm is used to model damage, and the modulus value are upscaled based on this factor. A surface-
based traction separation approach is used. Connector damage mechanisms are defined using
force-based damage initiation and a tabular form of motion-based damage evolution [55].

Table 2. Specifications of simulated damaged cases.

Damage size Damage distance
C Status Length Width GOl SR
ase (mm)
(mm) (mm)
Healthy - - -
H
Erosion damage 15 25 35 5 50
ED
Longitudinal debonding 15 25 35 5 50
LD
Transverse debonding 15 25 35 5 50
TD

Table 3. Elastic material properties of the GFRC blades[56].

Property Value
Young’s modulus (GPa) E; 41
Ex» 9
Es; 9
Shear modulus (GPa) G, 4.1
Gi3 4.1




Go; 4.1
Poisson’s ratio Vi2 0.27

Vi3 0.27

Va3 0.27
Density (kg/m?) p 1890

In addition to the actuation load very close to the tip of the blades, three linear arrays of sensing
points were defined on their top surface, providing about 50 sensing positions for each blade to
produce sufficient GW response data. Applying the same actuation pulse of 150 kHz detailed in
Section 2, the simulations were run once for the healthy case as the reference state, and three
times for each damaged case, considering the damage sizes specified in Table 2. In other words,
one healthy and nine damaged blades were modelled, and FE simulations were run for each case.
A typical layout is represented in Fig 4.

Considering fixed boundary condition at the root of the blades similar to the experimental study,
all simulations were conducted in Dynamic Explicit mode with a time step of 0.1 microseconds
and were run for a total duration of 500 microseconds to ensure comprehensive analysis of the
dynamic response. The FE model of the WTB replicating the experimental conditions prepared
in Abaqus/CAE is shown in Fig 5.

The short propagation path between actuator and sensors (approximately 125-175 mm for 3 mm-
thick blade samples), as shown in Fig. 4 resulted in a high signal-to-noise ratio, thereby
confirming that influence of noise in experimental work was negligible.
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Fig 5. FE model of the WTB showing load as wave actuation, boundary conditions and mesh for simulating
GW propagation under different conditions (A: actuation point; S: sensing locations).

4. Machine learning-based autonomous health monitoring of wind turbine blades

4.1. Data processing



During experiments and simulations, raw GW signals were recorded at the sensing points, stored
as out-of-the-plane deformation over time. Dividing by their maximum absolute amplitude, these
signals were normalised to have values between -1 and +1. To better analyse their frequency
content, all signals were then converted into uniform RGB scalograms via a Continuous Wavelet
Transform (CWT).

Unlike the limited number of sensors used in experiments, more than 50 sensing points are
introduced in each of the ten simulations detailed in Section 3 (~54-57 points depending on the
case). This allowed for above 50 displacement-time signals per model. Afterwards, five CWT
scalograms were produced from each experimental and numerical signal using a MATLAB
script, varying bandwidths and centre frequencies of the wavelet function (representing images
with different time and frequency resolutions). Overall, above 2500 scalograms are produced for
each blade condition and only 2000 scalogram per case were randomly selected to be used in the
ML block. This size of dataset across different cases (H, ED, LD & TD) allowed for rigorously
training, validating, and testing the damage identification and classification tasks, thereby
reducing the risk of overfitting and enhancing the robustness of the evaluation. In summary, a
combination of experimental and numerical GW data was processed to be fed into the tailored
ML architecture.

The total dataset consisted of 2,000 samples (500 per class: H, ED, LD, TD), obtained from both
experimental and numerical studies. Following the standard practice in machine learning, 80%
of the data (1,600 samples) were randomly assigned for training and validation, while the
remaining 20% (400 samples) were reserved exclusively for testing model performance. Thus,
the testing data reported in Table 4 refers to this 20% subset.

The process of random data splitting was repeated ten times, and the averaged performance
across folds was reported using confusion matrices and confidence intervals, explained in Section
5. This procedure ensures robustness and avoids bias linked to a particular train—test partition.

2000 RGB scalograms per case with dimensions of 233x175 pixels at 40 dots per inch (dpi) were
generated, visualising the spectral content of captured signals over time (the time-frequency
domain). Converting one-dimensional time data into two-dimensional scalograms has provided
a depiction of the signals’ energy density, revealing more damage characteristics. The hybrid ML
model was fed with the described scalograms in the form of numerical arrays, while slicing these
input data into three subsets training, validation, and testing. For each class, 1600 images (80%)
were used for the training-validation phase, and 400 images (20%) were reserved for testing the
ML model; see

Table 4.

After being resized to 233x175 pixels, each RGB image was normalised by adjusting pixel values
to fall within the [0,1] range:

o= 29 4
N‘zss()

where, Iy and I, are normalised and original image pixel value, respectively.

Table 4. Datasets for machine learning.

Class Total Count Training-Validation Testing




# % # %
H Healthy 2000 1600 80% 400 20%
ED Erosion damage 2000 1600 80% 400 20%
LD Longitudinal debonding 2000 1600 80% 400 20%
TD Transverse debonding 2000 1600 80% 400 20%
Sum 8000 6400 80% 1600 20%

4.2. Machine learning model

For better outcome, a transfer learning (TL)-based model has been developed in this study,
enabling RGB image classification for four categories of composite blades, as outlined in Table
5. This approach allowed for health status monitoring of blades, with remarkable accuracy and
agility.

Transfer learning (TL) was selected because it allows to exploit pre-trained feature extraction
capabilities from large-scale image datasets, thereby reducing training time and data
requirements. In this study, scalogram images generated from guided wave signals were used as
inputs, and the VGG16 backbone was adapted through TL to capture discriminative time-
frequency features. This approach significantly enhanced classification performance compared
to training a model from scratch, especially given the limited size of experimental datasets.

A ML-model based on the VGG16 architecture, a deep convolutional neural network (DCNN)),
was developed to reduce the dependence on large, labelled datasets and high computational
power for image classification. This DCNN architecture uses 16 customised convolutional layers
with pre-training and proved to be powerful for pattern recognition in large visual datasets [57].
The 16 layers include five stages of hybrid convolution, often followed by three Fully Connected
(Dense) layers, and one Softmax classifier [58] at the end. In this paper, the three Dense layers
were replaced with a Global Average Pooling (GAP) layer for higher effectiveness [59], [60]. In
addition to the Categorical Cross-Entropy Loss as loss function [61], the proposed model is
equipped with an ADAM (Adaptive Moment Estimation) Optimiser [62] for better convolution
in the training phase. Overall, the introduced model can effectively extract visual features through
applying hierarchical spatial patterns e.g., edges and complex textures in composite structures.
A visual summary of data acquisition, processing and classification in this study is shown in Fig
6.

Table 5. Blade condition classes.

Class Condition Remarks

Class I Healthy No structural damage




(H)

Class II Erosion Damage Leading edge erosion
on the top surface of the blade
(ED)
Class III  Longitudinal Debonding (LD) Partial layer separation
along the length of the blade,
on the top surface
Class IV Transverse Debonding Partial layer separation

across the width of the blade,
(TD) on the top surface
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Fig 6. Workflow of WTB damage identification/classification using the VGG16-based architecture.

Main blocks in the in the proposed architecture are described in the following:

i) Feature extraction: Hybrid convolutional layers extract image characteristics by computing
feature maps [63] as below:

Mi=f z W MGy my + B | (5)
mmn




where, M;; is the output feature map at layer [, Wy, ,, are the kernel weights, M) (j4n) are

the feature values from the previous layer, B is the bias of layer [, and f(.) denotes the Rectified
Linear Unit (ReLU) Activation Function [63], which is defined as:

f(x) = max(0,x)(6)

ii) Global Average Pooling (GAP) layer: In lieu of three Fully Connected layers commonly used
in VGG16, a GAP layer is utilised in this work, reducing the number of parameters in the model
to mitigate overfitting. The GAP is defined as:

N
1
GAP = NZ Mi(7)
i=1

where, N is the number of feature maps, and M; is the i-th feature map.

iii) Softmax classifier: To classify images into four categories, a Softmax classifier is added, as
the final layer:

Zi

Zﬁl ez

j=1

pP;= (8)

where, P; is the predicted probability of class i, e represents Euler's number, and z; is the raw
output from the last dense layer.

iv) Loss function: The Categorical Cross-Entropy Loss (CCEL) is applied for the four classes:

4
CCEL = — Z y;Ln(P;)(9)
i=1

where, y; is the true label (one-hot encoded) of class i, Ln denotes the natural logarithm, and P;
is the predicted probability of class i. The latter comes from the Softmax Function described as
Equation 8 above and gives the probability that the model assigns to each class.

v) ADAM optimiser: At the training stage, this optimiser helps to consistently update the weights
of neural network layers. It can be formulated as follows:

my

a =Q;— T 10
t41 = Q¢ +C( )

my

where, a,, 1 1s the updated weight at the next time step, a, is the current weight, r is the learning
rate, m; and m;; are the first and second Moment Estimate, and c is a small constant.

4.3. Model performance evaluation



The metrics described below are employed to assess the performance of the proposed ML model.
Relevant results will be reported in Section 5.

Accuracy Percentage: The model’s accuracy for each class is calculated as below:
N
AC% = —£ % 100 (11)
Nrp

where, AC% denotes accuracy percentage, Np is the number of correct predictions, and Npp is
the total number of predictions.

Confusion Matrix: To assess how effectively the model can perform the classification task, a
Confusion Matrix, C, is generated:

C= [Cij] (12)

where, each c;; element denotes the number of times an instance of true class i was predicted as
class j [64]. The indicators i and j both range from 1 to 4, showing the four classes considered in
this study. This square matrix compares the model’s predicted labels with the actual labels,
showing how many predictions were correct or incorrect (True or False Labels).

Confidence Interval: To predict and quantify the uncertainty of the ML model within known and
newly introduced data, a Random Forest model is employed, wherein each tree generates an
individual prediction, and the overall prediction is the mean of all trees in the ensemble. The
objective is to investigate how accurate the model could extrapolate beyond observed values.
Uncertainty is quantified by calculating the standard deviation of predictions from each tree,
capturing the variability in the model's outputs. The Confidence Interval (CI) is defined as:

CI=Y +1.960 x S (13)

where, Y denotes the predicted mean, and S is the standard deviation, providing a 95% confidence
interval under a normality assumption [64].

The datasets were divided into training/validation (80%) and testing (20%) subsets as detailed in
Section 4.1 for clustering evaluation. Model performance was assessed using standard
classification metrics, including accuracy, precision, recall, and F1-score as explained in this
section.

5. Results and Discussions

Results obtained from the experimental study on WTBs (Section 2), numerical simulations of WTBs
(Section 3) and the proposed ML model (Section 4) are presented and discussed in this section.

5.1. Autonomous health monitoring of composite blades using experimental signals

The time domain response collected from experiments on one healthy blade and three damaged
blades, namely healthy, erosion damage, longitudinal debonding and transverse debonding are shown
in Fig 7. Typical RGB images generated from the experimental time signals can be seen in Fig 8 in
the time-frequency domain. The confusion chart obtained from the 400 experimental data sets for the
healthy and damaged states of WTBs is presented in Fig 9. The confidence intervals corresponding to
healthy and damaged states are also reported in Fig /0.



The experiments and simulations in this study were conducted using a 5-cycle sine-Hanning pulse as
excitation (Point A in Fig. 4), at a relatively high central frequency (150 kHz). Powerful circular PZT
transducers allow for capturing high quality structural response, providing significant difference
between experimental signals captured from healthy and different damaged samples. For numerical
simulations, a sampling interval of 0.1 ps was applied (i.e., a sampling frequency of 10 MHz), which
is around 33 times greater than the Nyquist-Shannon sampling frequency (2x150kHz=300kHz).
Consequently, minimal attenuation was observed in experimental study and numerical simulations.
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Fig 7. Experimental GW signals from one sensing point for:
(a) healthy case (b) erosion damage (c) longitudinal debonding, and (d) transverse debonding.



(a) (b) (©) (d)

Fig 8. Typical RGB scalograms of experimental signals for:
(a) healthy blade, (b) erosion damage, (c) longitudinal debonding, and (d) transverse debonding.

It is observed that the presence of damage leads to a reduction in the amplitude of the response
signals in symmetric and antisymmetric mode, compared to the healthy condition, as seen from
Figs 7(a) to 7(d). This reduction is attributed to wave attenuation caused by the interaction of
guided waves with the damage, resulting in increased energy absorption relative to the healthy
WTB model. This can also be observed from Figs 8(a) to 8(d). It should be noted that scalograms
are generated considering different time and frequency resolutions (i.e., varying bandwidths and
centre frequencies for the wavelet function). As detailed in Section 4.1, they are produced for the
classification task performed by the ML model; so, the different patterns associated with various
damage signatures are not necessarily detectable by the human eye. Among the damage cases,
transverse debonding showed increase scattered wave features. This indicates strong wave—
damage interaction and anisotropic effects due to complex layered structure of the WTB.
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Fig 9. Testing performance of the TL model using the 400 experimental data/class.
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Fig 10. Class-wise confidence intervals for predictions using 400 experimental data
(average accuracy. 95.88%).

An average classification accuracy of 95.88% was achieved by the ML model when predicting
classes using experimental data, as illustrated in the confusion matrix shown in Fig 9. This
highlights the effectiveness of the proposed approach in identifying damage based on
experimental datasets. The confidence intervals (Cls) associated with each predicted class offer
deeper insights into the model's predictive reliability when applied to experimental GW data, as
presented in Fig /0.

The classification results in Figs. 9 and 710, derived from experimental data, indicate that the TL-
based ML model performs consistently well across all predefined damage scenarios. For the
healthy blade condition, the model attained perfect accuracy (100.00%), with all 400 test samples
correctly classified, demonstrating robust detection of undamaged signals. In cases of erosion
damage and longitudinal debonding, 389 out of 400 instances were correctly identified,
corresponding to an accuracy of 97.25% for each scenario. These findings indicate the model’s
strong capability in detecting subtle signal variations caused by surface wear and longitudinal
delamination. However, in the case of transverse debonding, the accuracy decreased slightly to
89.00%, with 356 out of 400 samples accurately classified. This decline may be attributed to the
increased complexity of wave scattering and mode conversion effects introduced by transverse
defects, which pose greater challenges for model generalization.

Overall, the TL model achieved an average classification accuracy of approximately 96% using
experimental GW data, demonstrating strong generalization ability and reliable performance in
identifying various damage conditions in composite blades.

5.2. Autonomous health monitoring of composite blades using numerical signals

As elaborated in Section 3, FE simulations were conducted for one healthy WTB model and nine
damaged models to develop the RGB scalograms and test the accuracy of the ML model for the
numerical signals. In order to investigate GW propagation more effectively, the analysis
primarily focused on the out-of-plane displacement that is, the displacement component
perpendicular to the blade surface plotted as a function of propagation time. The response of the
WTBs for healthy and damaged case acquired from numerical analysis is shown in Fig /1. The
RGB scalograms obtained from these responses are presented in Fig 12.
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Fig 11. Simulated signals obtained from one sensing point corresponding to:
(a) healthy blade, (b) erosion damage, (c) longitudinal debonding, and (d) transverse debonding.
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Fig 12. Typical RGB scalograms of FE-simulated signals for:
(a) healthy blade, (b) erosion, (c) longitudinal debonding, and (d) transverse debonding.

Edge erosion damage (Fig 11(b)) decreased amplitude in comparison to healthy WTB Fig 11(a)).
An approximately similar pattern can be seen in Fig 1/(c) for longitudinal debonding and
transverse debonding (Fig 11(d)).

It can be observed that the GW responses from experiments (Fig 7) and simulations (Fig /1) show
a good level of agreement across all four conditions healthy blade, erosion damage, longitudinal
debonding, and transverse debonding. The experimental and numerical signals exhibit close
agreement in waveform behaviour, although amplitude differences remain due to the
amplification ranges applied. To provide quantitative validation, the Spearman correlation
coefficients are calculated between experimental and numerical signals for all cases: healthy
(92.8%), erosion (93.41%), longitudinal debond (95.26%), and transverse debond (92.60%).
These values confirm strong correspondence between experimental and simulated signals across
healthy and damaged blade states. The close agreement between experimental and numerical
results confirmed that the influence of noise in the experimental study was negligible.

For the healthy blade, both results show clean and symmetric waveforms with no major
distortions. In the case of erosion damage, both signals show changes in waveform and amplitude
compared to the healthy case. For longitudinal debonding, both synthetic and experiment display
signal weakening and spreading. In the case of transverse debonding, both signals are clearly
disrupted, with visible changes in amplitude and waveform symmetry. Overall, the experimental
results support the trends observed in the simulations. It is also observed that the simulations
accurately capture the main effects of each type of damage. This consistency confirms that FE-
simulated data can be reliably used for training the ML model in to detect and classify damage.

The scalograms in Fig 12 illustrate the time-frequency characteristics of GW signals obtained
from FE simulations under different conditions of the WTBs. For the healthy blade (Fig 12(a)),
the energy is moderately concentrated, indicating undisturbed GW propagation with minimal
scattering or mode conversion. In contrast, the scalogram corresponding to the erosion case (Fig
12(b)) exhibits slightly scattered energy patterns, suggesting minor surface disruptions that lead
to localized signal attenuation. More pronounced differences are observed in the debonding
cases. The longitudinal debonding scenario (Fig 12(c)) shows a horizontally elongated energy
pattern, indicative of wave interaction with an extended discontinuity along the fibre direction.
The transverse debonding case (Fig 12(d)) displays a fragmented and laterally spread energy
distribution, signifying substantial disruption in wave propagation due to the orthogonal nature
of the defect relative to the fibre direction.



As mentioned before, it might be challenging for human eye to observe all the time-frequency
domain information depicted in scalograms and compare different damage characteristics, but
the tailored TL-based ML architecture can perform effective pattern recognition. However, a
comparison between typical experimental (Fig 8) and simulated (Fig 12) scalograms reveals
consistent trends in understanding the effect of different damage types on GW signal
characteristics. In both sets of scalograms, the healthy blade condition (@) displays a well-defined,
symmetric energy concentration in the time—frequency space, indicating smooth and undisturbed
wave propagation. For erosion damage (b), both simulation and experiment show a slightly more
energy pattern with lower intensity, suggesting minor scattering effects due to surface wear. The
longitudinal debonding case (c¢) in both figures exhibits reduced signal intensity and increased
spread in the scalogram. This pattern indicates energy loss and disruption due to delamination
along the wave path, which is consistently captured in both the simulation and real test data. In
the case of transverse debonding (d), the most complex wave interactions are observed. Both
scalograms display more scattered and vertical features. The accuracy of the custom-designed
ML architecture while being trained and validated through simulated data is illustrated in Fig /3.
The confusion matrix presented in Fig /4 depicts the predictive accuracy of the model across the
four evaluated categories, considering the state of WTB. Similar to experimental results
discussed in Section 5.1, the class-wise prediction accuracy of the TL model using simulation-
driven data is presented in Fig 15, in the form of confidence intervals (ClIs).
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Fig 13. Model accuracy for training and validation dataset.
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Fig 14. Testing performance (10-fold average) of the TL model using the 400 simulated data.
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Fig 15. 10-fold average class-wise confidence intervals for predictions using 400 simulated data
with a 10-fold average accuracy of 96.69%.

A considerable accuracy of 97.82% is achieved for training and that for validation is 97.25%, as
formulated in Section 4. These can be observed from Fig /3. The training and validation accuracy
curves demonstrate the progressive improvement of the model's performance. Initially, the training
accuracy rises sharply, followed by a gradual convergence with the validation accuracy. This
convergence indicates that the model effectively generalizes to unseen data, with no significant signs
of overfitting. The slight oscillations in the validation accuracy are within acceptable bounds and do
not affect the overall stability of the model. These results affirm the robustness and predictive
reliability of the trained model for classifying GW signal responses.

As described in Section 4.1, 400 data sets were used to test the TL-based model’s accuracy. The
classification performance of the model across the four damage conditions are observed from the
confusion matrix depicted in Fig /4. The model achieved perfect classification (100.00% accuracy)
for the healthy class, correctly identifying all 400 instances. For erosion damage and longitudinal
debonding, the model exhibited high accuracy, with only minor misclassifications: 2 samples of
erosion were confused with longitudinal debonding and 6 with transverse debonding, while 3 healthy
and 2 transverse cases were misclassified as longitudinal debonding. The greatest confusion occurred
between longitudinal and transverse debonding, with 40 transverse samples misclassified as
longitudinal. Despite this, the model successfully classified 360 out of 400 transverse debonding cases
correctly. Overall, the ML model shows strong performance across all classes, with minimal
misclassification, particularly excelling in identifying healthy and longitudinally debonded blades.
The average class-wise accuracy is remarkably 96.69%, which shows the effectiveness of this
intelligent prediction work frame for identifying and classifying different damage scenarios using
synthetic data.

The statistical metric shown in Fig 15 contributes to a more transparent evaluation framework and
supports the deployment of the model in real-world GW-based damage detection systems. This chart
further underscores the strong predictive performance of the TL model when applied to simulated
GW datasets. The model achieved perfect accuracy (100.00%) for the healthy blade class, reflecting
its robustness in identifying undamaged states. Considerably high accuracy was also obtained for the



erosion damage (98.00%) and longitudinal debonding (98.75%) classes, indicating the model’s
effectiveness in discerning these damage scenarios from one another. However, a notable reduction
in classification accuracy was observed for the transverse debonding class (90.00%), suggesting a
higher degree of confusion with other damage types particularly longitudinal debonding, as also
evidenced in the confusion matrix (Fig 14).

This performance disparity may be attributed to the overlapping spatiotemporal and frequency
characteristics of the GW signals generated by transverse and longitudinal debonding, which can
challenge even advanced classification models. This demonstrates the high potential of TL-based
models for automated damage classification in composite blades using GW response data. It is
important to note that the impressive average accuracy of about 96.00% was achieved across classes
using standard personal computers, with the lowest class-wise accuracy still reaching a notable
89.00%. The accuracies of the ML model for the four classes using different sources of data are
summarised in Table 6. The model’s accuracy can be still improved by exploiting more advanced
computing resources and/or larger datasets. By transforming the GW responses into time-frequency
scalograms and applying transfer learning, the proposed ML framework was made inherently robust
to any residual noise present in the experimental study.

Table 6. Summary of the ML model performance.

Category Class H | Class ED | Class LD | Class TD | Class-wise average
Experimental data | 100.00% | 97.25% | 97.25% | 89.00% 95.88%
Simulated data 100.00% | 98.00% | 98.75% | 90.00% 96.69%
Mean 100.00% | 97.63% | 98.00% | 89.50% 96.28%

6. Conclusions

The present work focuses on developing and validating the GW-ML framework using laboratory-
scale blade specimens and FE simulations. While early-warning models for specific damage modes
are not explicitly provided here, the two-stage classifier already demonstrates capability in
distinguishing erosion, longitudinal debonding, and transverse debonding from pristine conditions.
This lays the foundation for mode-specific damage indicators, which can be further enhanced in future
studies by incorporating progression trends or statistical thresholds for early detection.

This research presents a data-driven structural health monitoring (SHM) framework for wind turbine
blades (WTBs), integrating guided wave (GW) sensing with a customised machine learning (ML)
model. The system combines experimental and simulated data to enable accurate and efficient
damage detection and categorisation.



o Laboratory experiments, supported by FE simulations using a triple-array sensor setup, provided
comprehensive datasets. The alignment between numerical and experimental results validated the
model's predictive reliability and improved detection sensitivity.

e GW signals were converted into RGB scalograms to extract time-frequency features, enabling
clear differentiation of damage types and enhancing classification accuracy.

e These scalograms were used to train a tailored ML model, which achieved high accuracy and
robustness in identifying both the presence and type of damage. The model’s performance was
assessed through multiple test runs and confidence interval analyses, demonstrated strong
consistency.

e Transfer learning (TL) further improved model efficiency by reducing training time and data
dependency, supporting scalability for real-world applications.

The proposed approach offers a reliable and generalisable solution for condition monitoring in wind
turbines. Its adaptability also extends to other sectors, such as aerospace and automotive. Although
the present work does not directly demonstrate transfer from laboratory to in-field turbine operation,
the choice of TL is motivated by scalability. By leveraging pre-trained representations and combining
experimental and simulated data during training, the proposed framework is designed to be adaptable
for future deployment under real operational conditions.

The designed framework demonstrates strong performance on laboratory-scale specimens, although
its current validation is limited to controlled conditions, stationary blades, and a restricted range of
damage scenarios. Full-scale deployment will require additional studies incorporating environmental
variability, operational loading scenarios, and long-term monitoring policies. Furthermore, while the
combination of experimental and simulated data improves generalisability, the fidelity of the ML
model ultimately depends on the breadth and representativeness of the training datasets.

Regarding scalability, the data from small-scale blades cannot be directly extrapolated to full-scale
turbines without further validation. However, the framework itself is generalisable: by retraining the
ML model with datasets obtained from large-scale experimental studies and in-service operational
monitoring (including ambient and loading conditions), the methodology can be adapted for real-
world applications. The current study therefore serves as a proof-of-concept, demonstrating that the
approach is computationally efficient, robust, and extendable to industrial-scale SHM systems.

Future work will focus on deploying an advanced smart sensing platform using ultrasonic responses
for in-situ monitoring of operational turbines.
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