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ABSTRACT
This study investigates vibration-based structural health monitoring (SHM) of a small-scale wind turbine blade using multiple
sensor types to evaluate the performance of an output-only, data-driven and semisupervised damage detection framework. The
primary objective is to assess how diferent sensing modalities infuence damage detection and localisation and to demonstrate the
robustness of the proposed SHM approach across diverse sensor confgurations in a wind turbine composite material blade. To this
end, experimental accelerometer and strain-gauge time series are considered in this study. The method integrates multivariate
autoregressive (MAR) modelling, principal component analysis (PCA), Mahalanobis distance-based dissimilarity metrics, and K-
means clustering. This hybrid framework requires no labelled damage data and minimal user input, ofering a transparent,
interpretable and computationally efcient solution suitable for real-world applications. The blade was experimentally tested
under progressive damage, which was introduced as sequential cracks at three locations, and under varying temperature con-
ditions. Results show that the method reliably detects damage across sensor confgurations, highlighting its potential as a practical
and cost-efective tool for continuous SHM. Notably, both sensor types were able to detect damage using only one sensor as input in
the model; however, strain gauges proved more efective than accelerometers for damage localisation.

1 | Introduction

Wind turbine blades (WTBs) are among the most critical and
costly components of a wind energy system, both in terms of
manufacturing and maintenance [1, 2]. Their failure can lead to
signifcant operational losses. Common damage types in
WTBs—such as surface and internal cracks, debonding and
delamination—are especially concerning given the composite,
anisotropic and heterogeneous nature of blade materials, which
complicates both detection and prediction of damage
progression.

Structural health monitoring (SHM) aims to address these
challenges by enabling early detection and prognosis of damage
through sensor-based surveillance systems [3, 4]. While several
nondestructive testing (NDT) techniques—including acoustic

emission, ultrasonic testing, machine vision and vibration-based
methods—have been proposed for blade inspection, their
widespread application to WTBs is limited due to accessibility
issues, complex geometries and the infuence of variable envi-
ronmental and operational conditions [5, 6]. As a result, hybrid
SHM approaches that combine multiple methods are in-
creasingly recommended to improve robustness and fault-
detection accuracy [3].

Among data-driven approaches, vibration-based SHM methods
have shown great promise by using operational response data to
infer structural condition [7]. Autoregressive (AR) models and
their variants (e.g., ARMA and ARX) are widely used in this
context as damage-sensitive feature extractors, generally in the
time-domain [8–13]. However, univariate AR models treat each
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sensor independently and do not account for cross-sensor in-
teractions that naturally arise in multisensor SHM systems. In
contrast, multivariate autoregressive (MAR) models (also re-
ferred to as vector AR models in the literature) provide a natural
extension by capturing temporal dependencies and spatial cor-
relations between multiple sensor signals. These intersensor
correlations can enhance both the sensitivity to damage and the
ability to localise it, particularly in distributed sensing networks.
As a result, MAR models often outperform their univariate
counterparts in detecting subtle structural changes, especially in
cases where damage manifests globally across multiple locations.
Despite their advantages, most existing applications of MAR
models have focused on relatively simple structures such as
beams, steel truss bridges and small-scale buildings [14–16].
Their application to more complex, composite systems, partic-
ularly WTBs, remains limited. Moreover, the infuence of en-
vironmental variability and the integration of diferent sensing
modalities in MAR-based SHM frameworks are still
underexplored.

While studies such as Goi and Kim’s [15] have shown that MAR
models outperform univariate AR models when applied to ac-
celerometer data, the generalisability of this improvement to
other sensor types, such as strain gauges, is not yet well un-
derstood. Moreover, few SHM studies have systematically
compared the efectiveness of diferent sensing modalities within
vibration-based frameworks. Notably, Yang et al. [17] proposed
a frequency response transmissibility analysis using both strain
gauges and accelerometers in a lab setting, though without
considering environmental efects. As Li et al. [4] emphasised,
both sensor types represent cost-efective and technologically
mature options for SHM, each with distinct advantages and
limitations depending on the application context. However, they
are also susceptible to electrical disturbances and noise,
underscoring the need for careful evaluation of sensing strategies
in real-world conditions.

In this study, we use experimental data from a 1.75-m small-scale
composite WTB tested by Ou et al. [18] to evaluate damage
detection and localisation under varying temperature conditions.
The damage was simulated in the experiments as cracks of in-
creasing length (5, 10 and 15 cm) at three locations along the
blade’s longitudinal axis (17%, 30% and 50%). Previous work on
this dataset employed deep learning methods such as variational
autoencoders [19] and neural extended Kalman flters [20].
While these studies demonstrated the potential of advanced data-
driven techniques, they required large sensor arrays, fve strain
gauges and eight accelerometers, respectively, which may not be
practical for many SHM deployments. Furthermore, these ap-
proaches did not explicitly address temperature variability and
overlooked progressive damage scenarios, instead performing
detection only against the initial undamaged baseline. Such
constraints limit their applicability to real-world continuous
monitoring, where the current structural state may already be
damaged.

To overcome these challenges, the present work develops a hy-
brid, semisupervised SHM framework that compares the per-
formance of accelerometers and strain gauges while tracking
changes sequentially between damage stages and accounting for
temperature variability in both the training and testing phases.
The methodology integrates MAR and AR models for feature

extraction, principal component analysis (PCA) for temperature
compensation and Mahalanobis distance (MD) for sensor-wise
damage quantifcation, enabling progressive and environmen-
tally robust damage detection in composite WTBs. However,
given that the proposed damage detection framework relies on
extracted strain or acceleration response features without as-
sumptions on sensing modality, it is well-suited for integration
with other sensing technologies. Noticeably, fbre-optic cables for
these also measure delta strains [21, 22].

To the best of the authors’ knowledge, this is the frst study to
apply multivariate feature extraction techniques for SHM of
composite blades under environmental variation using both
accelerometers and strain gauges. The main contributions of this
work are as follows: (i) develop and evaluate a multivariate
feature extraction method for detecting and localising damage in
composite WTBs and comparing it with univariate approaches;
(ii) comparing the performance of the methodology across dif-
ferent sensor networks, including accelerometers and strain
gauges; (iii) accounting for environmental variability, specifcally
temperature changes, in the damage detection framework and
(iv) enable progressive damage detection, comparing each
damage state with the blade’s immediately preceding structural
condition, including already damaged states.

2 | Description of the Experimental WTB
Benchmark

The experimental small-scale WTB benchmark consists of a 1.75-
m long and 5.0-kg blade part of a Windspot 3.5-kW wind turbine
model. It has a layered sandwich structure, consisting of (i)
a 0.93-mm-thick outer shell of double-layered composite mate-
rial, composed of plain-weave fabric and chopped strand mat
made of E-glass fbres and (ii) a low-stifness polyurethane foam
core for internal reinforcement. This small-scale blade was tested
as part of an experimental campaign by Ou et al. [18] for the
development of damage detection algorithms. The experiment
setup, temperature variations and damage considerations are
briefy described in the next paragraphs, and a general overview
is provided in Figure 1.

The blade was fxed at one end using a steel frame secured by four
bolts, subjected at the same time by three concrete columns. The
tests were conducted in a climate-controlled chamber, maintaining
a constant humidity of 60%, while temperature varied between
�15°C andþ40°C. Experimental dynamic tests were carried out for
measuring the diferent responses of the blade. The blade was ex-
cited using an electromechanical shaker, applying two types of
excitations: (i) white noise signals with an efective frequency range
of 0–400Hz and (ii) sine sweeps with frequencies from 1 to 300Hz.
Noticeably, this pseudo–white noise was intended to mimic a sce-
nario where operational modal analysis (OMA) techniques can be
applied, as these require a broadband stationary excitation, usually
referred to as “ambient” excitation. The laboratory setup included
a total of eight PCB Piezotronics accelerometers (�10 g working
range) and 21 strain gauges arranged unidirectionally and in form of
rosettes, as shown in Figure 2. Two distinct strain gauges confg-
urations were tested, each one indicated through Superscripts (1)
and (2) in Figure 2, setting themalong the diferent axes in each case.

Progressive damage was introduced into the blade in the form of
cracks, induced as surface cuts, as outlined in Table 1.
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Additionally, point masses were added to simulate icing loads;
however, these are not considered in this analysis, as the primary
focus is on structural damage. The healthy state is denoted as R,
while damaged cases (D-L) correspond to increasing crack
lengths and additional crack’s introduction. Each crack had
a uniform depth of 4 mm and width of 1.5 mm. In the healthy
(undamaged) state, a total of 20 white noise tests and one sine
sweep excitation performed, while each damage case was tested
with one sine sweep and fve white noise excitations, while
temperature varied between−15°C and+40°C in 5°C increments
for each case. Data were sampled at 1666.7 Hz in 2-min windows.

3 | Damage Detection Algorithm

The damage detection algorithm is an output-only, data-driven,
semisupervised approach with four main steps following the
collection of acceleration data from sensors installed along the
structural element under monitoring: (i) feature extraction, (ii)
feature modelling, (iii) feature fusion and (iv) feature discrimi-
nation and clustering, as schematised in Figure 3. The proposed
algorithm builds upon themethods introduced inMeixedo et al.’s
study [11] which relied exclusively on AR models, but signif-
cantly extending them to account for the interdependency of
measured signals by employing MAR models for feature

extraction. This approach leverages the correlation between
multiple signals (i.e., multiple sensors in the network of the
installed monitoring system) to describe the behaviour of the
system, detecting damage through variations in their correlation
rather than changes in individual signal behaviour.

The MAR predicts the next value in a D-dimensional time series,
yi, as a linear combination of the N previous vector values. The
model is expressed as follows:

yi = ∑
N

j=1
yi−jAj + ei, (1)

where D represents the number of sensors, N is the MAR model
order, yi = [y(1)

i , y(2)
i , … , y(D)

i ] is the i-th sample of a D-di-
mensional time series, Aj ∈ RD×D  are coefcient matrices cap-
turing interdependencies between signals and ei is the residual
error vector. The coefcients Aj are estimated using the least-
square method, minimising the residual error across all samples.
In contrast, univariate AR models operate on scalar time series.
In this case, each coefcient Aj reduces to a scalar aj, and both yi
and ei become scalar values, modelling only the temporal re-
lationship within a single signal without accounting for cross-
sensor interactions.

(a)

(d) (e) (f) (g) (h)

(c)

(b)

FIGURE 1 | Summary of the experimental campaign elements: (a) blade inside the climate chamber; (b) climate controller; (c) electromechanical
shaker; (d, e) strain gauges on the low-and high-pressure sides; (f) climate sensor; (g, h) introduced cracks [18].
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Environmental variability, such as changing wind and wave
conditions, afects the structural response, demanding data
normalisation. PCA addresses this by fltering environmental
efects without requiring additional data. PCA transforms
standardised feature space X into orthogonal principal
components based on the covariance matrix C, retaining
components that capture the desired variance threshold:

Xʹ = XVm, (2)

where Vm contains the eigenvectors corresponding to the largest
m eigenvalues, retaining a predefned variance threshold. To
normalise the features, the frst components associated with the
environmental variability are removed [23]. This reduces false
positives caused by environmental changes when applying the
damage detection algorithm [24]. Nevertheless, the algorithm
must still be trained with data covering a wide range of tem-
peratures to ensure robustness.

Following normalisation, the MD quantifes deviations of each
sensor’s behaviour from the baseline condition. The MD for
a sensor is defned as

MDs =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

xs − x( ) · S−1
x · xs − x( )

T
.

√
(3)

Here, xs is the vector of features for a given sensor, and x and Sx
are the mean vector and covariance matrix of baseline data,
respectively. The MD values for all sensors are combined to
compute the dissimilarity between simulations using the Eu-
clidean distance:

disij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
D

d=1
MDs=i − MDs=j( )

2
.

√

(4)

The dissimilarity matrix serves as input for a K-means clustering
algorithm, which partitions simulations into K clusters by
minimising the intracluster dissimilarity:

Temperature/humidity sensor

0.17 L
0.30 L

crack 1 crack 2 crack 3 Force transducer

Mass location

0.50 L
L = 1.75 m

Strain gauge Rosette0°0°
+45

°

+45
° –45°
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High-pressure side
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z

y
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y

S24
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FIGURE 2 | Experimental setup of accelerometers and strain gauges on the tested blade [18].

TABLE 1 | Damage confguration tested by Ou et al. [18].

Case Crack 1 Crack 2 Crack 3 # of experiments

R (Undamaged) — — — 504 (20 WNþ 1 SS)
D 5 cm — — 144 (5 WNþ 1 SS)
E 5 cm 5 cm — 144 (5 WNþ 1 SS)
F 5 cm 5 cm 5 cm 144 (5 WNþ 1 SS)
G 10 cm 5 cm 5 cm 144 (5 WNþ 1 SS)
H 10 cm 10 cm 5 cm 144 (5 WNþ 1 SS)
I 10 cm 10 cm 10 cm 144 (5 WNþ 1 SS)
J 15 cm 10 cm 10 cm 144 (5 WNþ 1 SS)
K 15 cm 15 cm 10 cm 144 (5 WNþ 1 SS)
L 15 cm 15 cm 15 cm 144 (5 WNþ 1 SS)

Abbreviations: SS = sine sweep and WN=white noise.
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W PK( ) =
1
2
∑
K

k=1
∑

c(i)=k
∑

c(j)=k
disij, (5)

where c(i) assigns Simulation i to Cluster k. The algorithm it-
eratively assigns simulations to the nearest centroid and updates
the centroids until convergence. The optimal number of clusters
is determined using the silhouette score, enabling the method to
operate autonomously and making it suitable for real-time
monitoring applications. In real-time applications, as new
structural conditions emerge, the baseline conditions can be
updated to improve the detection of subsequent changes.

4 | Model Order Selection

To determine the optimal model order for the AR and MAR
models used in subsequent analyses, data from the healthy
reference condition (State R) of the blade is employed as a ref-
erence. Models are ftted to these data, and performance is
evaluated using the normalised root mean squared error
(NRMSE), which quantifes prediction error relative to the signal
variance:

NRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑M
i=1 yi − ŷi( )

2

∑M
i=1 yi − y( )

2 ,

√
√
√
√ (6)

where yi is the measured data, ŷi is the simulated data from the
AR or MAR model, y is the mean of the measured data andM is
the total number of samples in the time window.

For accelerometers’ data (Figure 4), the NRMSE values of AR
and MAR models (with two sensors) are shown across dif-
ferent model orders. Note that, unlike AR models, the number
of parameters in MAR models scales with the number of
sensors; for instance, a MAR model of Order 5 with two
sensors yields 10 features in total. In both subplots, the error
curves generally decrease until convergence at approximately
N ≥ 30, with MAR models consistently exhibiting lower
median values than AR models, indicating superior accuracy
in signal representation. A full convergence analysis across
varying sensor counts is warranted but omitted here for
brevity.

The same procedure applied to strain gauges (Figure 5) re-
veals a broadly similar trend, though with higher variability.
In this case, both AR and MAR models converge at approx-
imately N ≥ 40. Despite the relatively higher ftting errors
observed, fltering was intentionally omitted to preserve the
high-frequency content of the signals. Preliminary testing
showed that fltering substantially reduced the performance
of the algorithm. These tests involved the application of
a fourth-order low-pass Butterworth flter to remove high-
frequency components potentially associated with measure-
ment noise. The comparisons between fltered and unfltered
signals showed that fltering led to a noticeable reduction in
the algorithm’s accuracy. Although these results are not
shown here for the sake of brevity, they suggest that high-
frequency components may carry information relevant to
subtle changes in structural dynamic behaviour—information

Measurements Feature extraction
MAR model

Feature modelling
PCA

Step 1 Step 2

Step 4Step 3

X1 ·a

·c
·d

·b
sim
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removing frst
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Undamaged cluster
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(M)
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FIGURE 3 | Flowchart of the proposed damage detection algorithm.
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that are often overlooked or attenuated in traditional OMA,
which typically fails to resolve higher-order modes. There-
fore, all results presented in this study are based on full-
bandwidth signals sampled at 1666 Hz.

Although several methods for the selecting model order have
been proposed in the literature—such as the Akaike Information
Criterion (AIC), the Bayesian Information Criterion (BIC) or
direct analysis of model errors [25]—no universally optimal
method exists. These criteria primarily serve as heuristics to
balance model accuracy with parsimony, aiming to minimise
error while avoiding overftting. Consequently, the selected
model order may not correspond to the absolute best-performing
solution for damage detection applications. Some attempts to
overcome this issue have been presented in the literature [26, 27],
but they still rely on a primary order selection based on AIC or
NRMSE convergence. Since the primary goal of this paper is to
evaluate the capabilities of the proposed methodology rather
than to identify the optimal model order or the most informative
features (a topic reserved for future work), the fnal choices are
made based on trial and error based on the accuracy of the model
and better algorithm’s performance.

5 | Detectability

This subsection evaluates the detectability of progressive structural
damage using time-series features derived from AR and MAR
models applied to accelerometer and strain data. By analysing MD,
dissimilarity measures and clustering performance, we assess the
sensitivity of these features to diferent damage stages. Both single-
and multisensor confgurations are examined, with a focus on
quantifying how model complexity and sensor redundancy afect
the ability to detect and track evolving damage conditions. The
training of the damage detection algorithm is made with 75% of the
baseline data, while testing is made with the rest 25% together with
samples from the new damage condition, with both stages in-
corporating samples across all temperature conditions in the range
of �15°C to þ40°C.

5.1 | Damage Detection Based on One Sensor
Measurements

Recent studies on the same benchmark dataset have explored
deep learning–based approaches [19, 20, 28]. For instance,
Z. Yang et al. [19] proposed a variational autoencoder with
a neural ordinary diferential equation, while Liu et al. [20]

5
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FIGURE 5 | Boxplots of NRMSE values using strain gauges for (a) AR model orders and (b) MAR model orders with two sensors.
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FIGURE 4 | Boxplots of NRMSE values using accelerometers for (a) AR model orders and (b) MAR model orders with two sensors.
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employed neural extended Kalman flters. Although these
methods achieved promising results, they require large sensor
arrays and generally neglect environmental variability, such as
temperature efects. Moreover, they primarily focus on detecting
deviations from the initial undamaged state without addressing
the progression of damage. In contrast, the transition-based MD
analysis presented here provides a framework for detecting in-
cremental damage stages with fewer sensors while maintaining
sensitivity to structural changes.

For visualisation, one accelerometer (a8) and one strain gauge
(s13) are selected for the subsequent fgures. Results are later
extended to all sensors to allow a comprehensive performance
comparison. An ofine comparison is performed in the frst
place. Figure 6 presents a boxplot of MD values for all damaged
cases, using the undamaged condition R as a baseline. Figure 6
subplot (a) shows the results while using one accelerometer,
while subplot (b) shows results using the single-strain gauge. In
both cases, MD values generally increase as the level of damage
in the blade structure progresses. The most pronounced increase
occurs during the frst damage transition R⟶ D, whereas
subsequent transitions show more gradual rises. This trend in-
dicates that the MD metric efectively captures progressive
structural degradation, particularly when assessed relative to the
initial undamaged state.

However, in practical scenarios, a damage detection algorithm
aims to identify changes progressively. Therefore, each stage is
assessed relative to its immediate predecessor rather than the
original undamaged condition. This transition-based framework
aligns more closely with real-time monitoring needs. Figure 7
shows MD values for each damage transition, using the pre-
ceding state as the baseline: subplot (a) corresponds to the ac-
celerometer, and subplot (b) to the strain gauge. Black bars
represent the baseline (previous) condition resulting MD values,
while coloured bars indicate the new damaged state MD values.

Among the transitions, J  ⟶ K—one of the fnal stages, where
the crack at 30% of the blade length is enlarged to 15
cm—produces the highest indices, indicating the greatest de-
tectability. By contrast, the early stages R ⟶ D and E ⟶ F
(introducing 5 cm of cracks at 17% and 50% of the blade’s length,

respectively) yield the lowest MDs, making them more chal-
lenging to detect with both sensor types. For both sensors, the
closest crack is located at 50% of the blade length, yet the as-
sociated damage scenarios (E ⟶ F, H  ⟶ I and K  ⟶ L) are
not consistently easier to detect. This suggests that detectability is
infuenced more by the severity and progression of the damage,
as well as experimental factors, than by simple proximity to the
sensor.

The dissimilarity data exhibited an exponential trend and,
consequently, was logarithmically scaled before being used as
input for K-means clustering. The results, presented in Figure 8,
show clear separation between two clusters corresponding to pre-
and postdamage transition conditions: (a) for the accelerometer
and (b) for the strain gauge. This indicates that even a single
sensor—accelerometer or strain gauge—provide sufcient in-
formation to distinguish structural states. Similar performance
was observed across other one-sensor confgurations (not shown
for brevity), highlighting the efectiveness of the approach even
with minimal sensing.

Mean specifcity (E) and sensitivity (S), which are the proba-
bilities of correctly identifying negative and positive cases, were
computed over 20 random trials for AR-40 models using 25% test
data from a single sensor at various locations. For clarity, Fig-
ures 9 and 10 present the equivalent false positive rate (1-E) and
false negative rate (1-S) for the accelerometers and strain gauges,
respectively.

Accelerometer results show consistent detection of structural
transitions, with only minor false positives during the D ⟶ E
and E ⟶ F stages (approximately 10%-11% error in both 1−S
and 1−E), which is consistent with the low detectability observed
in Figure 7. In contrast, strain gauge results show more frequent
misclassifcations, particularly for transitions D ⟶ E, E ⟶ F
and H  ⟶ I, with errors reaching up to 37% for 1-S and 30%
for 1-E.

Strain gauge performance also exhibits a strong dependence on
sensor placement: gauges located near the blade root yield poorer
results, whereas those positioned farther away achieve more
reliable detection. This trend may be explained by the larger
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FIGURE 6 | Boxplot of the MD values across all damage cases using AR-40 models for (a) accelerometer a8 and (b) strain gauge s13.
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FIGURE 7 | Mahalanobis distance across damage stage transitions using AR-40 models for (a) accelerometer a8 and (b) strain gauge s13.
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deformations occurring farther from the root, which make
structural changes more pronounced and thus easier to detect.

5.2 | Two-Sensor Analysis

The algorithm’s performance is next evaluated using two
arbitrarily selected sensors. Figure 11 compares the MDs
computed from AR-40 to MAR-40 models for accelerometers
a1 and a8. The MAR model produces MD higher values than

those from the AR model—up to 600% higher during the
J ⟶ K transition (enlargement of the crack at 30% of the
blade length to 15 cm) and up to 700% higher in early tran-
sitions such as E⟶ F with frst incorporations of cracks.
These results highlight the improved feature quality achieved
by incorporating intersensor correlations. For accelerometers,
this demonstrates that exploiting correlations between mul-
tiple sensors substantially enhances the detectability of
structural transitions.
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FIGURE 8 | Clustering performance of K-means using AR-40 models for (a) accelerometer a8 and (b) strain gauge s13.
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FIGURE 9 | False positive (1-E) and false negative (1-S) rates across the structural condition transitions using a single accelerometer with AR-40
models.
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FIGURE 10 | False positive (1-E) and false negative (1-S) rates across structural condition transitions using a single-strain gauge with AR-40models.
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FIGURE 11 | (Continued)
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Figure 12 presents MDs computed using AR-40 and MAR-20
models for strain gauges s4 and s13. Unlike the accelerometer case,
the MAR model does not signifcantly improve feature quality for
strain gauges (excepting transition F ⟶ G for sensor s13, by 500%).
This suggests that intersensor correlations among strain gauges are
less informative, likely because these sensors capture more localised
strain efects compared to the broader vibration patterns (i.e., global
dynamic) detected by accelerometers. This observation is further
discussed in the following sections.

The improvement in feature quality is quantifed using the
change in mean dissimilarity of the experiments across damage
stages, defned as

Δdis = dis(z)
− dis(z−1)

, (7)

where z ∈ R,  D,  E,   … ,  L{ } denotes the structural condition. In
this formulation, transitions are penalised when the MD values
for the baseline condition are infated, thus enhancing the ro-
bustness of the indicator.

The mean dissimilarity change Δdis across transitions is shown
in Figure 13(a) for two accelerometers and Figure 13(b) for two
strain gauges, comparing AR and MAR models. This provides
a more compact representation of the behaviours observed in
Figures 11 and 12. For accelerometers, the MAR model con-
sistently produces larger dissimilarity changes, indicating that
incorporating intersensor correlations improve feature quality
and enhances discrimination of structural transitions. Because
similar levels of new damage are introduced at each stage,
comparable diferences between transitions would be expected;
deviations from this trend likely refect experimental variability.
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FIGURE 11 | Mahalanobis distances between consecutive structural conditions for (a) AR-40 with accelerometer a1, (b) AR-40 with accelerometer
a8, (c) MAR-40 with accelerometer a1 and (d) MAR-40 with accelerometer a8.
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FIGURE 12 | (Continued)
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Nevertheless, the overall pattern supports the robustness of the
dissimilarity metric. In contrast, the strain-gauge data show no
clear trend to suggest that incorporating correlation information
improves detectability within the algorithm.

5.3 | Dissimilarity vs. Number of Sensors

To investigate the infuence of the sensor count on performance,
Figure 14 presents the evaluation of Δdis for AR and MAR
models, as additional sensors are included: (a) accelerometers
and (b) strain gauges. In the MAR models, the total number of
features is fxed at 80 for accelerometers and 40 for strain gauges,
regardless of the sensor count. Each boxplot contains nine data
points, corresponding to the values for each transition shown in
Figure 13 for the two-sensor case. For consistency, the same

sensor combinations are used for both MAR and AR models;
results may vary slightly with diferent combinations.

As shown in Figure 14, the mean dissimilarity increases with the
addition of sensors for both models, but performance tends to
plateau after 5-6 sensors in both scenarios (accelerometers and
strain gauges), indicating diminishing returns in feature quality
beyond this point. For accelerometers, MAR models consistently
outperform univariate models when using two or more sensors.
In contrast, for strain gauges, no clear trend is observed—while
MAR models show a slight performance gain with 2–12 sensors;
the diference is not statistically signifcant. This plateau suggests
that, in practical terms, deploying more than six sensors may
ofer limited diagnostic beneft relative to the added cost and
complexity for damage detection in the analysed structure.
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FIGURE 12 | Mahalanobis distances between consecutive structural conditions for (a) AR-40 with strain gauge s4, (b) AR-40 with strain gauge s13,
(c) MAR-20 with strain gauge s4 and (d) MAR-20 with strain gauge s13.
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6 | Locatability

This section examines the ability to localise structural damage
using acceleration and strain gauge measurements from sensors
distributed along the blade. MD values derived from AR and
MAR models are analysed to determine whether the spatial
distribution of damage can be inferred from sensor responses.
Comparisons between model types and sensing modalities
identify confgurations that support accurate localisation across
diferent damage transitions. For this analysis, all sensors along
the blade are used to perform localisation. While the results from
AR models can be directly extrapolated to other sensor combi-
nations due to their independence, the localisation capability of
MAR models may vary with the number of sensors employed.

To evaluate the contribution of each sensor to damage detection
across diferent damage stages, we compute the change in MD
values between a damaged condition and its corresponding
baseline (or previous condition) using the Fisher criterion [29], as
applied inMosavi et al. [16]. This approach allows the locatability
of damage signals to be assessed at the sensor level.

For each damage stage z, and each sensor i, the Fisher criterion
FC(z)

i is computed as

FC(z)
i =

m(z)
i − m(z−1)

i( )
2

σ(z)
i

2
+ σ(z−1)

i
2 , (8)

where

• m(z)
i and m(z−1)

i are the means of the MD value for sensor i
under the damaged condition at stages z and z − 1,
respectively.

• σ(z)
i and σ(z)

i are the corresponding standard deviations.

This metric quantifes the increase in anomaly indication for
each sensor due to the damage progression. High values of FC(z)

i
suggest that sensor i is sensitive to the damage introduced in
Stage z, hence contributing potentially to its localisation.

6.1 | Accelerometers

Figure 15 presents heatmaps of FC values obtained from ac-
celerometers placed along the blade for each damage transition,
with the red line marking the location of newly introduced
damage (i.e., cracks). Results from AR-40 and MAR-10 models
are shown, alongside a quantitative summary in Table 2. For

direct comparisonwith the following section, the heatmap colour
scale is held invariable.

FromFigure 15, it can be observed that the highest FC values do not
consistently correspond to sensors located near the actual damage,
indicating limited localisation capability when relying solely on
acceleration data. While certain damage transitions, such D⟶ E
andK⟶L, showhigher FC values for sensors close to the damage,
no clear pattern emerges. This limitation is likely due to the global
response characteristics of acceleration signals.

These fndings contrast with those of Mosavi et al. [16], who
reported higher FC values for sensors close to the damage when
applying multivariate models to accelerate data from a labora-
tory-tested beam, also using the Fisher criterion. It should be
noted, however, that the analysed systems difer substantially:
The composite blade exhibits nonlinear and complex behaviour,
whereas the beam used in Mosavi et al’s study is made from
a mostly linear steel material.

6.2 | Strain Gauges

To assess whether more localised measurements can improve
damage localisation, the analysis was repeated using strain gauge
data. Figure 16 presents heatmaps of FC values obtained from
AR-40 and MAR-2 models. The red line marks the new damage
location for each damage transition. Table 3 summarises the
maximum FC values and corresponding sensors.

As observed, strain-gauge data yield superior localisation per-
formance, with lighter colours appearing closest to the damage
site on the heatmaps, indicating higher FC values. This confrms
that strain gauges provide a more direct mapping of damage
locations than accelerometers, as sensors positioned near the
damage consistently register the highest FC values. The results
also highlight that the efectiveness of strain gauges depends on
their placement relative to the damage site, ofering valuable
insight for the future sensor network design.

While damage transitions with lower detectability—such as R
⟶D and E⟶ F—produce lower FC values, localisation ac-
curacy is not compromised. In terms of model comparison, MAR
models do not substantially improve localisation in this scenario,
likely because the high spatial resolution of strain-gauge mea-
surements already provides sufcient information, leaving little
added value from multivariate correlations. Nevertheless, MAR
models demonstrate greater robustness, as seen in the J⟶K
transition, where AR models fail to identify the damage location.
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FIGURE 14 | Boxplots of Δdis for AR-40 and MAR models across diferent numbers of sensors: (a) accelerometers and (b) strain gauges.
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7 | Discussion

Based on the results of this study, several key fndings and impli-
cations for future research can be identifed. Regarding the de-
tectability of damage using bothMAR andARmodels, andwith both
accelerometers and strain gauges, the main fndings are as follows:

1. The proposed algorithm detects damage using both accelera-
tion and strain gauge data from the studied dataset, and a single
sensor is sufcient to capture all investigated damage transi-
tions, demonstrating efciency with minimal instrumentation.

2. Across all examined scenarios, accelerometers show greater
robustness for damage detection than strain gauges, achieving
the lowest false positive and false negative rates when using
a single sensor, and the highest MD values when multiple
sensors are deployed in the blade’s detection network.

3. Increasing the number of accelerometers enhances the ac-
curacy and robustness of detection by providing richer dy-
namic information from across the structure, although beyond
six sensors, the benefts diminish due to redundancy.
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FIGURE 15 | Heatmaps of FC values along the blade using accelerometer measurements, with (a.1)-(i.1) showing AR-40 model results in the left
column and (a.2)-(i.2) MAR-10 models in the right column. The red line marks the new damage location for each damage transition.

TABLE 2 | Sensor-wise FC per damage stage using accelerometers with AR-40 and MAR-10 models.

Transition
AR-40 models MAR-10 models

Max FC Sensor with max FC Max FC Sensor with max FC
R⟶D 24.5 a4 21.0 a2
D⟶ E 48.7 a3 42.0 a3
E⟶ F 41.4 a3 48.2 a6
F⟶G 40.8 a4 27.4 a2
G⟶H 70.3 a1 35.7 a5
H⟶ I 54.1 a2 7.7 a3
I⟶ J 70.6 a1 40.6 a3
J⟶K 127.3 a2 45.3 a1
K⟶ L 83.3 a6 107.8 a4
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4. MARmodels outperform univariate ARmodels when two or
more accelerometers are used, indicating that incorporating
spatial correlations between sensors improves feature quality
and sensitivity to damage, whereas for strain gauges, MAR
models provide no signifcant improvement over AR.

In contrast, for the locatability of damage, the following con-
clusions can be drawn:

1. Strain-based Fisher criterion values exhibit a strong
correlation with damage location, highlighting their
potential for accurate spatial localisation of anomalies.
Acceleration data, by contrast, show weaker direct
correlation with location, likely because accelerations
capture the global dynamic response, whereas strains are
more sensitive to localised deformations in composite
blades.

TABLE 3 | Sensor-wise FC per damage stage using strain gauges with AR-40 and MAR-2 models.

Transition
AR-40 models MAR models

Max FC Sensor with max FC Max FC Sensor with max FC
R⟶D 60.5 s5 41.4 s6
D⟶ E 127.1 s11 83.1 s11
E⟶ F 21.5 s15 42.1 s15
F⟶G 367.7 s4 389.3 s3
G⟶H 93.9 s9 203.3 s9
H⟶ I 321.6 s14 373.4 s14
I⟶ J 179.2 s6 152.5 s6
J⟶K 603.1 s21 189.2 s8
K⟶ L 432.9 s15 246.6 s15
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FIGURE 16 | Heatmap of FC values along the blade using strain gauge measurements, with (a.1)-(i.1) showing AR-40 model results in the left
column and (a.2)-(i.2) MAR-2 models in the right column. The red line marks the new damage location for each damage transition.
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2. MAR models do not substantially enhance localisation
accuracy for either accelerometers or strain gauges, al-
though they may improve robustness in certain scenarios.

8 | Conclusions

This study presented a semisupervised, data-driven framework
for SHM of a small-scale composite wind turbine blade subjected
to progressive damage and varying temperatures. The method-
ology combinedMARmodelling, PCA, MDmetrics and K-means
clustering and was tested using two sensor types: accelerometers
and strain gauges. Experimental data from a blade with se-
quentially introduced cracks at multiple locations served as the
basis for validating the proposed damage detection and local-
isation approach.

The detectability analysis confrms that both AR and MAR
models, particularly when applied to accelerometer data, provide
robust indicators of structural degradation. Single-sensor AR
models already capture early damage transitions, although with
limited sensitivity at initial stages. In contrast, two-sensor MAR
models signifcantly enhance detectability by leveraging inter-
sensor correlations, resulting in higher MDs and clearer dis-
similarity changes across damage transitions. These fndings
suggest that a minimal yet strategically placed sensor array can
achieve high sensitivity to damage the progression, ofering
a balanced trade-of between performance and instrumentation
cost—supporting the feasibility of lightweight, output-only SHM
solutions for in-service monitoring.

The results also indicate that while MAR models improve
damage detectability, the capacity for damage localisation is
more dependent on the type of measurement. Accelerometers,
which refect global structural dynamics, ofer limited spatial
resolution, making it difcult to pinpoint damage locations. In
contrast, strain gauges, more sensitive to local deformation,
enable a clearer spatial correlation between the damage and
sensor response. Notably, the use of MAR models does not
signifcantly improve localisation when applied to strain data,
suggesting that strain-based AR models already provide suf-
cient fdelity for this purpose. These insights underscore the
critical role of sensor modality in the SHM design, especially
when localisation is a key monitoring objective.

Therefore, for detectability aims, the selection of accelerometers
using MAR models should be the best option, while for locat-
ability, using strain gauges with AR models provide acceptable
results. Thus, a combination of those sensor types provides
relevant information of the system’s health. For detectability
specifcally, if strain gauges are preferred, farther positions from
the blade root might be more suitable, while similar performance
is expected using accelerometers over the blade.

Building on the insights from this study, future research should
address several remaining challenges and opportunities. First, the
maximum efective distance between a sensor and the damage site
for reliable localisation remains uncertain, particularly for strain
gauges, whose performance is highly dependent on place-
ment—knowledge that could directly guide the optimisation of
future sensor network designs. Second, although the optimal se-
lection of AR coefcients has been investigated in the literature
(e.g., Hoell and Omenzetter [26]), its targeted evaluation for

damage-detection applications warrants further exploration. Fi-
nally, extending the proposed methodology to full-scale WTBs
operating under realistic and variable environmental and opera-
tional conditions would provide valuable validation. Such work
could also integrate additional environmental variables—includ-
ing humidity, loading history and rotational speed—and assess
a broader spectrum of damage types, thereby strengthening the
robustness, adaptability and real-world applicability of the ap-
proach. Advancing these research directions would not only refne
the methodology itself but also contribute to the development of
more resilient, efcient and scalable SHM systems for the next-
generation of ofshore wind energy infrastructure.
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