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Abstract
Wind energy is proving to be the backbone of the transition to sustainable electricity generation. However, due to the
permanent increase in wind turbine rotor blade length to achieve higher capacities, the already challenging transporta-
tion process of rotor blades becomes even more difficult, which can be addressed by segmenting the parts. This work
presents several measurement campaigns of bolted connections used to couple the structural parts of wind turbine
blades, monitored by both passive low-frequency strain measurements and active high-frequency ultrasonic waves. The
comprehensive test concept enables gaining insight into the degradation process of the connection type under different
loading conditions. Moreover, the monitoring systems are analyzed separately, and the impact of data fusion by combin-
ing the obtained scores is thoroughly investigated. The results reveal the strong need for more reliable analysis of the
individual measurement systems. Particularly challenging is the high number of false positives due to the ultrasonic
guided wave’s high sensitivity. The additional strain measurements incorporated at the decision level address this endea-
vor, despite their lower sensitivity, thereby increasing the reliability of the results at the macroscopic level. Overall, the
study presents extensive test results for bolted connections under various loading conditions and demonstrates the reli-
able monitoring of the system employing decision-level data fusion.
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Introduction

The expansion of wind energy and the reduction of
energy production costs through larger wind turbines
are crucial components of the energy transition.
Modern blades often exceed 80–100 m in length, mak-
ing transportation and installation increasingly com-
plex.1 The static and dynamic loads on structural
components, which increase with rotor blade length,
require the use of new structural and monitoring tech-
nologies. To address these difficulties, the industry has
developed segmented rotor blades, which are manufac-
tured in multiple sections and assembled directly at the
wind farm site. The segmentation approach allows for
easier transport along transport routes that would oth-
erwise be impossible for a single-piece blade. Beyond
addressing logistical barriers, segmented blades also
enable larger rotor diameters, thereby enabling higher
energy yields. The concept relies on carefully

engineered joints that ensure both structural strength
and aerodynamic smoothness, thereby matching the
performance of a conventional blade. Additionally,
segmented designs can simplify maintenance, as dam-
aged sections can be replaced individually rather than
removing an entire blade.2 The connection technology
required to join the rotor blade segments significantly
increases the complexity of the rotor blades. Due to a
lack of experience in the design, manufacture, inspec-
tion, and repair of these complex connection
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structures, it can be assumed that the high level of
reliability required for future rotor blades cannot be
maintained.3 A defect in the connection technology of
segmented rotor blades usually leads to the failure of
the entire rotor blade, thus reducing the economic effi-
ciency of wind turbines.

Therefore, the connection type requires proper
investigation, and structural safety must be ensured
throughout the wind turbine’s lifetime. That is where
structural health monitoring (SHM) comes into play,
which involves the real-time tracking of the health con-
dition. It is common practice to define the objectives of
SHM in a hierarchical order in which each level
requires the previous one: detection, (ii) localization,
(iii) classification, (iv) quantification, and (v) prediction
of the remaining service life.4,5 Damage localization in
SHM is feasible at best when utilizing unsupervised
techniques that do not require labeled damaged states.
The monitoring can be divided into whether a few sen-
sors are attached to track the health status via global
analysis, or into locally instrumented sections where
damage is expected to occur.6 In wind turbine blade
monitoring, the local SHM approach is more com-
monly employed, with dense sensor deployments con-
centrated in high-risk joints to increase sensitivity to
incipient damage. Active techniques inject controlled
excitations and measure the system’s response (e.g.,
guided waves, impact–echo). In contrast, passive tech-
niques listen to ambient or self-generated signals (e.g.,
acoustic emission, operational vibration), exploiting
the structure’s natural response without external actua-
tion.7 Current research highlights that different types
of segmented blades exist: (a) lap-joint, (b) butt-joint,
(c) scarf-joint, and (d) stepped-joint.8 Among these, the
lap-joint is currently considered the most suitable con-
figuration for large-scale offshore wind turbine applica-
tions due to its proven structural performance and
assembly feasibility. Strain-based monitoring using
strain gauges (SGs) is widely utilized to track macro-
scopic load transfer and identify typical bearing failure
modes such as hole elongation; for instance, McCarthy
et al.9 utilized local strain distributions to analyze load-
sharing imbalances in multi-bolt composite joints,
while Ihn and Chang10 demonstrated that monitoring
local strain gradients is critical for detecting fastener-
induced damage progression under fatigue loading.
Complementing these passive measurements, active
sensing via piezoelectric transducers (PZTs) targets
incipient microscopic damage. Kessler et al.11 estab-
lished the high sensitivity of Lamb wave propagation
to internal structural changes such as matrix cracking
and delamination, even within the complex stress con-
centrations typical of bolted assemblies. Pedersen
et al.12 proposed a segmented wind turbine blade that
can be assembled from multiple sections, with a

mechanical joint between them instrumented with sen-
sors. For instance, sensors can be directly embedded in
or near the mechanical joining elements based on the
principle. Acoustic emission techniques allow for the
passive detection of damage through elastic waves,13

whereas active waves allow for the monitoring of struc-
tural integrity through actuator-receiver pairs.7 In glo-
bal dynamics, natural vibrations and modes are
identified using modal analysis to correlate modal para-
meters to changes in the material integrity.14 However,
conventional techniques do not provide sufficient relia-
bility to monitor the complex joint. Therefore, hybrid
approaches that combine multiple types of measure-
ments are being increasingly investigated. When multi-
ple data sources are available, data fusion techniques
can be employed to improve overall robustness and
accuracy. This is particularly useful in the area of seg-
mented rotor blades, as it combines global and local
indicators of expected damage.

Data fusion in machine learning is the process of
integrating data from different sources or modalities to
obtain more comprehensive, reliable, and meaningful
information.15 This methodological approach aims to
leverage the individual strengths of each data source
while compensating for its weaknesses. The definition
of data fusion includes the combination of sensor data
or information derived from multiple measurements.
These measurements can either come from different
sensors or be collected by a single sensor at different
points in time. Data fusion occurs at three levels: data,
feature, and decision levels.16 The data level describes
the consolidation and analysis of decisions or evalua-
tions based directly on sensor data of the same type
(e.g., two temperature signals or two vibration signals).
However, the idea is to explicitly combine a high-
frequency and a low-frequency measurement system so
that the data level is disregarded. Feature-level fusion
with multiple linear regression is a powerful approach
that models the relationship between multiple indepen-
dent variables and a dependent target variable. At this
level, decisions based on sensor data characteristics are
merged. The decision-level form is often used to com-
bine multiple decision models or algorithms to improve
overall accuracy. The decision models or algorithms
are usually trained separately and then merged at this
level, keeping the individual strengths.

In feature-level fusion, Schnur et al.17 proposed an
approach based on a machine learning toolbox for
condition monitoring that combines several comple-
mentary algorithms and focuses on the physical inter-
pretability of the results, and examined the same
dataset examined in this study. Several feature extrac-
tion methods, including principal component analysis
(PCA), were used to reduce dimensionality. Then, fea-
ture selection methods were applied to identify the
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optimal reduced-feature combination and to classify
based on the structural condition. Eleftheroglou
et al.18 utilized a Hidden Semi-Markov model to prog-
nose structural performance. Acoustic emission and
digital image correlation features are combined to
obtain a more reliable feature. Broer et al.19 combined
acoustic emission data and distributed fiber optical
strain measurements on a feature level to test its per-
formance on all SHM goals. Spatiotemporal features
extracted from earth–rock dams were fused by Tian
et al.20 using graph convolutional networks and long
short-term memory. The method allowed the fusion of
complex information from multiple sources, such as
water-level features; however, the authors emphasized
a macroscopic view, suggesting sensitivity to early
damage.

Mikhail et al.21 investigated an aluminum plate fas-
tened at its corners with four bolts, where a single fas-
tener failure was simulated by reducing the torque
applied to one of the bolts. Several decision-level
fusion approaches were evaluated, with the Dempster–
Shafer method and type-2 fuzzy logic fusion demon-
strating the best performance. The authors also noted
that there remains potential for further improvement
in the results by incorporating prior knowledge. Yang
et al.22 combined ultrasonic guided-wave measure-
ments and vibrational signals to achieve trustworthy
health indexes. The proposed approach consists of four
stages: multilevel sampling, Bayesian estimation,
neural network-based confidence scores, and decision-
level fusion. Experiments were conducted on an alumi-
num beam using a modal shaker to generate dynamic
excitation artificially. Zhang et al.23 investigated the
analysis of heterogeneous measurements on a convolu-
tional neural network. The steel frame bridge was
equipped with accelerometers, SGs, and displacement
sensors. The final score was combined by the individ-
ual analysis of each response type and a neural net-
work combining all datasets. For a comprehensive
overview, the interested reader is referred to Wu and
Jahanshahi.24

To the best of the authors, the approach pursued in
this article, namely a hybrid system for monitoring
highly stressed structural elements of wind turbine
rotor blades, has not been considered to date and there-
fore offers considerable potential for development and
application. By combining passive low-frequency strain
and active high-frequency sensing, the proposed system
provides a multi-scale monitoring approach that cap-
tures both early-stage microscopic degradation and
macroscopic structural failure modes capable of all
damage types. Special focus is given to the data fusion
at the decision level, which aims to minimize false-
positive alarms by weighting the relative contributions
and confidence levels of the heterogeneous sensing

systems. Regarding the current literature, the need for
more data fusion solutions is particularly prominent.
Especially in the context of segmented wind turbine
blades, there is a research gap that needs to be filled.
Feature-level fusion requires normalization techniques
to compare the resulting indices. Moreover, the need
for samples from the damaged state hinders the use of
unsupervised algorithms. The inherent variability of
damaged states makes it extremely difficult to provide
a comprehensive dataset that ensures model reliability
across the full spectrum of potential failure modes
(delamination, bolt loosening, matrix cracking, etc.).
Therefore, in this work, both models are employed sep-
arately, and the results are combined at the decision
level.

The novelty of this work can be summarized as fol-
lows: Firstly, the results of segmented blades, related
to extensive experimental testing of coupons and com-
ponents, are illustrated, given the complex material’s
static and cyclic loading behavior. Secondly, the inves-
tigations include a novel decision-level data fusion
approach to minimize false positives. At the same time,
a low-frequency passive system and a high-frequency
active system are combined to successfully detect dam-
age at early stages. To address the SHM objectives
more explicitly, this work investigates whether deploy-
able sensor data can reliably detect early-stage damage
in highly stressed rotor blade elements and evaluates
how decision-level data fusion improves robustness
and reduces false positives compared to single-sensor
approaches. These objectives guide the experimental
design and the assessment of strain- and guided wave-
based indicators under realistic loading conditions.

The article is structured as follows: The first section
provides a brief introduction to the theoretical back-
ground of the mathematical models. In the second sec-
tion, the original test concept and the experimental
methods are demonstrated. The results of the experi-
ments are shown in the following section. The mathe-
matical analysis and results, including data fusion at
the decision level, are illustrated in the fourth section.
The article concludes with a summary of its findings
and highlights potential directions for future research.

Mathematical methods

This section comprises an illustrative overview of the
innovative decision-level data fusion employed
throughout this work. The concept is based on using
linear (PCA) and nonlinear (autoencoder) dimension-
ality reduction methods, in which the statistical models
are forced to learn the relationships between the mea-
sured variables. Damage alters learned dependencies,
leading to poor model performance and higher
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evaluation scores. Based on the individual anomaly-
detection results, data fusion is performed at the deci-
sion level to leverage information from both systems.

Principal component analysis

PCA offers an unsupervised machine learning
approach that summarizes the information content of
large datasets into a smaller set of uncorrelated vari-
ables, called principal components.25 These principal
components are eigenvectors, ordered in descending
order by the proportion of variance they explain in the
data. Figure 1 illustrates an example in which two fea-
tures (X and Y) are plotted, and the two corresponding
eigenvectors (PC1 and PC2) are inserted. The compo-
nents are orthogonal to each other, and PC1 explains
more variance than PC2. The statistical technique
involves both linear algebra and matrix operations and
transforms the original dataset into a new coordinate
system structured by the principal components. From
there, the data is transformed back into the original
space. This procedure can be used for reconstruction-
based anomaly detection.

In SHM, the principal components are derived from
baseline data. Baseline data refer to measurements
acquired under the structure’s healthy condition,
enabling unsupervised damage analysis. After calculat-
ing the model’s deterministic parameters, the input
data dimensions are reduced by projecting the data
onto these principal components and evaluating the
resulting reconstructions. Let X denote the input
matrix comprising experimental trials and their corre-
sponding features. In most cases, each variable in the
matrix xi requires standardization so that the

characteristics are normalized with a mean mi of zero
and a standard deviation si of one:

xi =
xi � mi

si
ð1Þ

For a sample xi, the reconstruction error, also
referred to as the Q-statistic, is calculated as follows:

Qi = e2
i

= eie
T
i

= ðxi � xi
ePePT Þðxi � xi

ePePT ÞT

= xiðI � ePePT ÞxT
i

ð2Þ

ei denotes the residual vector, representing the dif-
ference between the original data and its reconstruc-
tion, eP is theloading matrix calculated from the
covariance matrix’ eigenvectors, and I is the identity
matrix. For damage analysis, the Q-statistic is typically
low when the patterns in the test data align with those
learned during training. Patterns that deviate from the
baseline data are detected using higher evaluation
scores.

Autoencoder

The autoencoder aims to reconstruct the original input
based on the most relevant features by compressing the
information into a latent representation.26 As illu-
strated in Figure 2, the network consists of an encoder
that maps the input to the lower-dimensional represen-
tation and a decoder that generates the corresponding
output. The original input X also gives the targeted
output Y , whereas the model-predicted outputs are
summarized in Ŷ . Notably, the model allows the intro-
duction of nonlinearities via nonlinear activation func-
tions, a key difference from PCA. The training is
typically conducted by minimizing the reconstruction
error using gradient descent. The model is highly flex-
ible, as the loss function can be adjusted and various
regularization techniques can be applied. Moreover,
the autoencoder model can be extended with variants

Figure 1. Transformation technique is illustrated for the
application of PCA. PCA: principal component analysis.

Figure 2. Basic structure of the autoencoder.26
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such as denoising autoencoders, variational autoenco-
ders, or convolutional autoencoders.

The reconstruction error of an autoencoder, denoted
as εi, is computed using the mean squared error (MSE)
loss function:

εi =MSE xi,F dec F enc xið Þð Þð Þ, ð3Þ

where F enc is the encoder function andF dec is the decoder
function. Consistent with previous notation, xi denotes the
input variable of the dimensionality reduction model. In
the same manner as previously described, the evaluation
score serves as an indicator of potential damage. Elevated
scores signify discrepancies relative to the baseline data
and alterations in inter-variable dependencies.

For the unsupervised learning process, 66% of the
healthy baseline data are utilized for training, where
each measurement time point is treated as an indepen-
dent variable to characterize the undamaged state. By
mapping the standardized signals, the model extracts
non-linear key features inherent to the measurement
response, as suggested in the study by Abbassi.27 Once
the model is established on the baseline data, it is
applied to unknown measurements to identify devia-
tions without requiring retraining.

Decision-level data fusion

Figure 3 provides an overview of the three stages of
data fusion. Data-level fusion integrates information
from multiple sources to achieve a more comprehen-
sive evaluation.28 Only data of the same type or trend
can be taken into account; therefore, the level has not
been used for data fusion in this context. Feature-level
fusion combines different features to enhance reliabil-
ity, although it can be affected by normalization issues.
Decision-level fusion, typically implemented through

linear methods, merges the predictions of multiple sys-
tems to produce a unified decision.29 The method has
been chosen in the context of segmented rotor blade
monitoring as the feature-level requires data from the
damaged state. Moreover, the benefits of the highly
sensitive piezoelectric sensors are balanced with the
robustness of the passive monitoring system.

The damage indicators for both systems, the Q-
index (cf. Equation (2)) and the ε -index (cf. Equation
(3)), are first transformed into probabilities that
describe the likelihood of the presence of damage. The
transformation is carried out using the following prob-
ability function Pi xð Þ, which converts the states into
probabilities based on the defined thresholds a and b:

Pi xð Þ=

0, if x<a,
x� a

b� a
, if a\x\b,

1, if x ø b:

8>><
>>: ð4Þ

Here, x is the damage index and a and b represent
the minimum and maximum values that the damage
index can take when the structure is either intact (a) or
damaged (b). These threshold values are determined
from a reference specimen during baseline measure-
ments and subsequently applied to the other specimens.
The final damage probability is calculated by fusing the
probabilities through a targeted weighted linear addi-
tion in Equation (5). The combination of both damage
indicators on the decision level reads as follows

Pfusion =
aPQ Qð Þ+ bPε εð Þ � PQ Qð ÞPε εð Þ

a + b
, ð5Þ

where a and b are scaling parameters. The probability
transformation thresholds a and b in Equation (4) are

Figure 3. Workflow illustrating the different types of data fusion.
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derived from the statistical characteristics of baseline
measurements. Specifically, parameter a is defined by
the mean noise level of the healthy reference state,
while b represents the maximum indicator value
reached during validated structural degradation. This
normalization ensures that heterogeneous anomaly
scores are compared in a unified probability space.
Furthermore, the scaling parameters a and b are uti-
lized to weight the relative contribution and confidence
levels of the active and passive systems. By adjusting
these factors, the fusion framework leverages the com-
plementary strengths of each modality: the high sensi-
tivity of active guided-wave sensing to incipient
microscopic changes is balanced with the macroscopic
robustness of passive strain monitoring. This targeted
weighting is essential for minimizing false-positive
alarms, particularly during operational phases where
external loads may be too low for SGs to provide a
reliable condition assessment. Most importantly, the
data fusion metric does not need datasets from the
damaged state. Probabilities are calculated from the
damage indices and combined into a single damage
probability. The innovative concept can be applied to
measurements from multiple sensor types, making it
highly adaptable while preserving the strength of the
individual scores.

Experimental methods

The tests carried out were technically demanding and
non-standardized tests, which were preceded by inten-
sive planning and development. To investigate the
bolted joint connections in segmented rotor blades, the
study employs a multi-level experimental approach—
ranging from single-bolt coupons to multi-bolt

components—subjected to both static and cyclic load-
ing. For further information regarding the overall
scale, see the study by Wierach et al.30 This section,
therefore, provides an overview of the choice and reali-
zation of the sample design, the production of the test
specimens, the test setup, the test procedure, and the
measurement technology used.

Specimen design and fabrication

Based on the state of the art of joining techniques for
segmented rotor blades, which includes adhesive, screw,
and bolt connections of thick fiber composite lami-
nates, the bearing properties of thick CFRP (carbon-
fiber reinforced polymer) laminates and the associated
complex damage behavior in the interaction of bolt
and hole were identified as a critical problem to be
monitored. The laminate-bolt connection shown in
Figure 4 was selected as a representative connection
configuration for well-founded investigation on a
laboratory scale. In this connection, flanges support
the laminate in the thickness direction. The flange con-
sists of a screwed-on slotted nut plus washer. A longitu-
dinal hole in the bolt is used for inner water cooling to
keep down friction-related temperature during the fati-
gue experiments.

Two specimen types with different complexities and
intended final failures were defined. The first one, a
specimen with one central bolted connection, referred
to as coupon specimen, is used to conduct SHM at
moderate structural complexity. This specimen is
intended to show regular bearing failure. The second
configuration, a larger test element with three bolts,
representing the interaction of multiple closely spaced
connections in a more realistic manner, is referred to
as component specimen, which typically manifests a
tensile net-section fracture.

Based on extensive research, requirements were
defined for the material, specimen geometry, and test
procedure. Commercial, typical rotor blade fiber/
matrix systems and a standard infusion process (fiber
volume fraction 50–60%) were used. A representative
laminate thickness of 10 mm and a scaled-down bolt
diameter of 39 mm were defined for the laboratory
scale. The choice of a 10 mm laminate thickness and a
39 mm bolt diameter for the specimens was driven by
the technical constraints of the available laboratory
testing equipment while maintaining structural
representativeness.

The geometries were designed so that coupon speci-
mens exhibit a defined bearing failure and component
specimens exhibit a net cross-sectional failure. The
dimensioning was carried out analytically and numeri-
cally, taking into account the available testing equip-
ment (max. 1 MN axial tension/compression). Both

Figure 4. Overview of bolt connection type and both
specimen types with dimensions given in mm. Specifically, the
flange is composed here of two components: a screwed-on
slotted nut and a washer.
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specimen variants are made of the same laminate mate-
rial to ensure comparability.

All samples were produced by the project partner
INVENT GmbH using a vacuum infusion process. A
quadraxial carbon fiber fabric Q-C-806 g/m2 from
SAERTEX was selected as the reinforcing fiber mate-
rial. The epoxy resin EPIKOTE RIMR035c with the
corresponding amine hardener EPIKOTE RIMH038
from HEXION was used as the matrix. The following
layup was selected for the laminate structure: (245�/
90�/+ 45�/0�)6 s.

Finite element simulations (ANSYS) supported the
evaluation of the strain distributions and the selection of
suitable sensors and their positions, shown in Figure 5.

Specimen instrumentation

Once the coupons were designed, a requirements cata-
log was developed to define the sensor layout, the sen-
sor type, and the number of sensors. To establish these
specifications, extensive investigations were conducted
on the distribution of strains and stresses under both
dynamic and static loads, as well as on the optimal pla-
cement of sensors for SHM. Based on these findings,
several design concepts were formulated and validated
in consultation with the project partners. The coupon
specimen is instrumented on the front side with four
uniaxial SGs in the longitudinal direction (X) and one
biaxial SG (XY). The SGs were reset to zero after
applying the bolt preload. The strains analyzed, there-
fore, represent the changes compared to the preloaded
initial state of the connection. The bolts were assembled

using slotted nuts and washers to ensure a uniform dis-
tribution of compressive stresses within the laminate.
For the installation, a maximum tightening torque of
300 Nm was established. On the rear side, four PZTs
manufactured by PI Ceramics GmbH are provided for
standard instrumentation. The sensors are DuraAct
piezocomposites (10 mm diameter, 0.2 mm thickness)
made of PIC 255. They were applied using a high-
quality two-component epoxy adhesive in a uniform,
thin layer to ensure efficient signal transmission. In
addition, extended instrumentation (eight PZT) was
used on two samples. The instrumentation of the com-
ponent samples was carried out in a similar way,
whereby the number of sensors is greater due to the
number of holes. As the biaxial SGs proved to be less
fatigue-resistant than the uniaxial sensors, only uniaxial
SGs were used for the component specimen analysis.
The passive, low-frequency strain measurements are
combined with the high-frequency guided waves mea-
surements to increase the trustworthiness of the results.
These methods differ in both their physical nature and
their temporal and frequency-based characteristics.

Testing equipment and procedure

The static and dynamic tests were carried out on a
servo-hydraulic 1 MN universal testing machine
(SCHENCK, TestControl II control system from
ZwickRoell) with the fixture designed and manufac-
tured by the project partner INVENT GmbH. A
hydraulic clamping fixture model MTS647.100 from
the manufacturer MTS (MTS Systems Corporation,
Eden Prairie, MN, USA) was used for clamping the
specimens on the tabbed side. The test was controlled
using TestXPert R from ZwickRoell GmbH & Co.
KG, Ulm, Germany (Figure 6).

The HBM Quantum X (840, 1615) measurement
system and Catman AP software from Hottinger Brüel
& Kjær (HBK) (Darmstadt, Germany) were used to
record and visualize the measurement data from the
testing machine, the SG signals, and the temperatures.
The guided-ultrasonic-wave-based SHM was realized
using a PXI system from National Instruments. This
hardware system is suitable for measuring both guided
waves and acoustic emission and is available at the
DLR (German Aerospace Center). The system has a
controller on which the software for data acquisition
and evaluation runs, as well as a signal generator,
amplifier, oscilloscope, switchable sensor matrix, and
optional temperature measurement module. The
switchable sensor matrix module has connections to
which a maximum of 36 sensors can be connected. The
electrical connection between the actuators and sensors
and the measurement hardware is established using
shielded coaxial cables to reduce interference and

Figure 5. Representative instrumentation plan of both
specimen types showing the main SG and PZT (DuraAct)
positions. SG: strain gauge; PZT: piezoelectric transducer.
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signal crosstalk from the transmitting to the receiving
line. Typical parameters of the excitation signal are
excitation frequencies between 40 and 250 kHz, a sine
burst with 3–5 pulses, possibly with a Hanning win-
dow, and excitation voltages between 15Vp-p and
200Vp-p. In the preliminary tests, a high-end Infratec
ImageIR� 8300 hp thermographic camera with IRBIS
Prof. 3 was used for the surface measurements of the
specimen heating. The measurement systems (HBM
Catman, SHM system) were triggered by TestXPert R
via analogue trigger signals.

The static tests were conducted as quasi-static ramps
with monotonically increasing load and active mea-
surement data acquisition of all systems. In individual
tests, load increase tests (ramp sequence with holding
steps) were carried out, whereby SHM measurements
were performed on the holding steps. A more complex
test sequence had to be realized for the dynamic tests.
In view of the fact that the SHM measurements in par-
ticular were carried out on the stationary component
(unloaded, static tensile load, static compressive load),
the normally cyclic test was divided into a repetitive
sequence of static ramps and a cycle block. The respec-
tive measurement data acquisitions were carried out at

different times during the test sequence. An illustration
of the test procedure and the measurement data acqui-
sition/trigger times is shown in Figure 7. The ramps
were recorded continuously for the strains and the
direct machine data (force, displacement). Within a
cycle block, the first load changes were stored in full in
order to be able to evaluate the hysteresis behavior,
and the envelopes (upper and lower peak values) were
stored continuously. The peak value recording was rea-
lized in Catman using peak valley detection.

The load cycle numbers defined in DNVGL-ST-
037631 (104 to 23106) were used as a guide for the fati-
gue tests. Due to non-standardised cyclic bearing loads
and thermal limitations, test frequencies of 1–5 Hz
were selected; the sample temperature should remain
as low as possible following ISO13003.32 The tests were
carried out under alternating load (R = 21) for sev-
eral load-controlled load levels following basic proce-
dures from DIN50100.33 The determination of hole
expansion under cyclic loads corresponds to the proce-
dure specified in ASTM D6873/D6873M34 by evaluat-
ing the hysteresis loops.

Experimental results

The joining technology for segmented rotor blades in
wind turbines must withstand extreme static and cyclic
loads and compensate for large manufacturing toler-
ances. For this purpose, static and cyclic load tests were
performed on the coupons and components to evaluate
their performance under realistic operating conditions.
The coupons are designed to replicate the connection
point in segmented CFRP rotor blades. Afterwards,
the component tests were used to validate the devel-
oped method.

The extensive experimental investigations using a
hybrid structural monitoring system for highly stressed
bolted connections to increase the overall availability
of wind turbines were performed at the DLR facilities
in Braunschweig.

Figure 7. Test sequence of static characterization steps and
fatigue cycle blocks.

Figure 6. Test setup showing a failed component specimen
with the front bearing connection disassembled.
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In the static load tests, coupons and components
were gradually loaded to maximum to investigate the
behavior of the connections under static conditions. In
the cyclic tests, the coupons and components were sub-
jected to a large number of load cycles idealizing wind
turbine operating conditions. The program included
both low and high load cycles to evaluate the durability
of the connections. The structural state is considered
critical when the diameter expansion reaches 0.4 mm,
indicating that the joint bolt connection may no longer
function securely. Table 1 provides an overview of the
experiments conducted within this study.

As illustrated, a total of 20 specimens at the coupon
and component levels have been analyzed. For each of
the four categories, only one representative specimen is
illustrated in the results, as indicated in the last col-
umn. Specimens listed as representative in Table 1 were
selected based on their adherence to typical mechanical
failure modes (bearing failure for coupons and net ten-
sion failure for components) observed across the entire
test series. Due to the consistent degradation behavior
across all samples, alternative specimens would yield
comparable damage detection results, as long as
standard—rather than atypical—loading scenarios are
considered.

Coupon tests

Static loading: Static loading can cause various types
of damage in bolted joints. Delamination can occur
due to shear or peel stresses between layers, whereas
microcracks are typically caused by tensile or compres-
sive stresses within the matrix. Debonding can occur at
the interfaces between the composite layers or between
the fiber and the matrix. In addition, high static loads
can cause fiber rupture, especially in areas of stress
concentration. In order to generate progressive dam-
age, five coupons were subjected to a displacement-
controlled (1 mm/min) monotonically increasing load
until failure. Coupons 1 and 2 were loaded with a line-
arly increasing load profile until failure. For coupons
3, 4, and 5, the load profile was defined as a sequence

of ramps with holding stages, during which the load
increased from 0 to 120 kN. The load was increased in
increments of 20 kN, and each ramp was held at its
maximum for 140, 120, and 80 s, respectively, for the
three identical coupons. Afterwards, the load was
increased until the maximum failure load was reached.

Figure 8 shows the stepwise increase in force over
time of coupon 3. After reaching 120 kN,the load was
further increased until the first load drop occurred due
to hole elongation. Following this initial failure, a typi-
cal series of load drops, indicating progressive damage
and hole elongation, was observed. After several load
drops, the specimen was unloaded. Based on the eva-
luation of the hole expansion according to
ASTMD5961,35 which can only be determined impre-
cisely without direct whole widening measurement in
the static tests, the first distinct load drop was used as
the failure load for calculating the bearing strength
instead. Since the specimens show a progressive
increase in hole expansion after the first load drop, but
no further significant increase in load, this procedure is
justifiable.

When examining the force–displacement response
of the CFRP coupon specimen, it becomes evident that
the relationship remains linearly correlated up to the
onset of internal damage mechanisms (cf. Figure 9).
Beyond this point, deviations from linearity indicate
the onset of microcracking, matrix degradation, and
delamination within the composite. This behavior is
further confirmed by the presence of irreversible defor-
mation upon removal of the external load, suggesting
that permanent internal damage has occurred. CFRP
does not have a defined yield point, as it exhibits brittle
rather than ductile failure. The curves for the other
experiments exhibit a similar behavior until the maxi-
mum load is reached. The post-failure behavior differs
somewhat, although it must be clearly stated here that

Table 1. Overview of the experiments conducted.

Coupon number Type of load Representative specimen

1–5 Static Coupon number 3
6–15 Cyclic Coupon number 6

Component number Type of load Representative specimen

1 Static Component number 1
2–5 Cyclic Component number 3

Figure 8. Coupon level: Static load-bearing behavior of
coupon 3, showing a stepwise increase in loading force and
damage-related load drops indicating hole elongation.
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there is limited residual capacity in the connection.
Once the bearing failure load is reached, the load can-
not be further increased in a stable manner.

Because CFRP material is complex, a single test is
not sufficient to fully describe its material behavior.
Therefore, five tests were conducted. An overview of all
test results is given in Table 2, which summarizes the
maximum forces at failure. The bearing stress is calcu-
lated as the force of the machine divided by the hole
diameter and thickness. This large number of tests pro-
vides a comprehensive picture of material behavior at
the macroscopic level, which is the process of failure on
the microscopic level. So, based on these results, physi-
cal material models can be derived and used to describe
the stress-strain relationship. There is a clear picture of
the static load, in which a load of 200 kN is possible
until nonlinear behavior is achieved (cf. Figure 8). The
applied force results in a hole pressure of approxi-
mately 500 MPa. No further increase in load-carrying
capacity is possible; on the contrary, the material
begins to fail, and its stiffness decreases significantly.
The standard deviation of the bearing strength using
Bessel’s correction is 22.2 MPa (4.4%), and considering

the sample size and the complexity of the test—is to be
regarded as very low, which indicates good specimen
quality with respect to laminate quality as well as com-
pliance with geometric tolerances of the specimen
dimensions and the bolted joint. No irregularities attri-
butable to the type of load increase (continuous or
interrupted) were observed either.

The importance of monitoring such degradation
behavior is paramount, as there are no reserves. For
instance, steel exhibits a distinct yield point followed
by a plastic region. After the elastic limit, the material
can still deform plastically while maintaining, or even
slightly increasing, its load capacity (strain hardening).
Failure occurs gradually, not abruptly, allowing for
ductile behavior and warning before fracture.

Figure 10 demonstrates the final damage state in
detail, showing a pronounced hole elongation and
compression-dominated damage state. Local bulging
of the laminate indicates that the steel washers were
unable to withstand the through-thickness stresses and
subsequently deformed plastically.

Cyclic loading: After the coupon specimens were sta-
tically tested to failure, a total of 10 specimens were
dynamically loaded in fatigue tests following ASTM
D6873.34 The tests were single-stage fatigue tests with a
stress ratio of R = 21. A stress ratio of R = 21
(alternating load) is considered highly relevant because
it reflects the alternating bending loads of the rotor
blades caused by their dead weight during rotation.
Regarding its mechanical relevance, this type of loading
is particularly critical for CFRP structures, as the alter-
nation between tension and compression is significantly
more damaging than a purely static tensile load. The
tests were force-controlled using the horizon method,33

whereby the load levels were determined on the basis of
the ultimate tensile bearing stress (UTS) (%UTS: 70,
60, 50, and 40%). Three test specimens were tested at

Figure 10. Exemplary photo of the final damage state of a
coupon specimen tested under static bearing tension showing
local cracking, bulging of the laminate, and hole elongation in
the loading direction.

Figure 9. Coupon level: Force–displacement behavior of
coupon 3 to illustrate the nonlinear material behavior of CFRP.
The red line marks the range where the material exhibits nearly
linear behavior.

Table 2. Overview of all experiments conducted on coupon
level under static loading.

Coupon
number

Displacement
(mm)

Load
(kN)

Bearing
strength
(MPa)

1 1.47 183.67 472.5
2 1.58 201.85 522.7
3 1.54 201.19 514.2
4 1.44 189.53 488.0
5 1.54 200.54 520.2
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each of the 70 and 40% load levels, and two each at the
intermediate levels (60 and 50%). The test sequence fol-
lowed the scheme shown in Figure 7, whereby the force
targets of the ramps and the height of the holding levels
corresponded to the maximum dynamic stress. The test
frequencies were varied in order to reduce the test dura-
tion on the one hand and to limit heating32 on the
other.

A plot of the cyclic stress (dynamic maximum bear-
ing stress) over fatigue life is shown in Figure 11.

The fatigue lives reached for the applied load levels
are between 7000 and 1:223106 load cycles. The rela-
tionship between vibration stress and service life can be
described by a log function. The scatter of the results is
low in view of the complexity of the specimen and
interruptions to the tests (due to weekend breaks and
technical malfunctions). The extrapolation of the log
function in the direction of higher loads/lower service
lives does not run through the static strengths. This is
not unusual for CFRP components, as static and
dynamic loads often have different damage mechan-
isms, especially when loading type differs—pure static
tension and much more detrimental alternating
tension-compression loading.

In addition to the SN data, the hole expansion was
calculated on the basis of the hysteresis loops, as
described in ASTM D6873.34 As shown in Figure 12 in
the cyclic test, the damage accumulates gradually over
time rather than occurring suddenly. Coupon 6, as a
substitute for the remaining experiments, shows that
the nonlinear expansion starts at a low level and
increases due to material degradation. Whereas at the
beginning no significant change is observed, the expan-
sion becomes nonlinear and progressive after a while.

Figure 13 illustrates the damage on the specimens
when subjected to cyclic tension-compression loading.
The original diameter is marked. It can be seen the
hole has elongated in the directions of the alternating
loading, in the compression and the tension direction.
Damage is dominated by matrix cracking and immense

surface abrasion in the areas surrounding the bolt
holes, which presumably resulted in a decrease in the
bolt’s effective clamping force. As the material sur-
rounding the bolt hole progressively deforms and
expands under repeated load cycles, the bolt becomes
relatively loose due to the loss of a tight fit within the
enlarged hole. In practical applications, this hole
expansion can reduce clamping force, which is essential
to maintaining the connection’s structural integrity
and overall performance. In the moment of final fail-
ure, local bulging of the laminate occurred in the direc-
tion of the last tension load. As observed under static
loading, the bulging force reached a magnitude that
caused the steel washers to deform plastically.

Component tests

Component specimens as depicted in Figure 5were
designed, manufactured, instrumented, and tested for

Figure 12. Coupon level: Diameter expansion of the bolted
connection under cyclic loading, as observed in coupon 6.

Figure 13. Exemplary photo of the final damage state of a
coupon specimen tested under alternating bearing tension
showing cracking, immense surface abrasion, bidirectional hole
elongation, and bulging of the laminate in the direction of final
failure.

Figure 11. Coupon SN curve (Stress-Number of cycles).
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validation purposes. Like the coupon specimens, the
component specimens were tested under static and fati-
gue loads. Again, comprehensive test data in terms of
single measurements at discrete holding steps, continu-
ous measurements, and min/max envelopes were cap-
tured, including the testing machine outputs, strain
measurements, and ultrasound-based SHM. The goal
was to validate the performance of the sensor technol-
ogy and the measurement systems under representative
conditions at a higher level of structural complexity
and to evaluate their practical suitability.

Static test results: Due to the low total number of
component specimens, only one static test could be
carried out. A gradual increase in the load (in 50 kN
increments) with intermediate holding stages and a
monotonic load increase until the specimen failed was
selected for the test sequence. During the holding
stages, measurements were carried out with the SHM
system. The component specimen failed at a load of
approximately 475 kN, which corresponds to an aver-
age bearing strength of approximately 431 MPa.
Figure 14 shows the diagrams determined in the test.
However, the damage pattern of the component speci-
men did not show a valid progressive bearing failure
with the typical sequential load increase and drop
behavior as in case of the coupon specimens. Rather,
the specimen failed extremely abruptly by catastrophic
rupture of the net section with any load-carrying capa-
bility remaining. Figure 15 shows the macroscopic
fracture of the net section.

With 431 MPa, the average bearing strength
calculated from the static bearing test is significantly
lower than the bearing strength of the coupon speci-
mens (503 MPa). This is probably due to the different
failure mode (bearing vs net tension) and a premature
failure compared to the actual bearing strengths.
The failure mode of the component samples, therefore,
does not show a valid bearing failure; however, this
does not affect the testing and evaluation of the dam-
age detection method.

Cyclic test results: The dynamic tests of the compo-
nent specimens were carried out as described in
Figure 7. The load levels corresponded to 70 and 50%
of the static component strengths. Two specimens were
tested per load level. The component specimens failed
with different damage mechanisms. While one speci-
men failed due to regular hole opening and bearing
failure, the other three specimens failed as in the static
test with a cross-sectional crack transverse to the direc-
tion of loading.

Similar to the experiments at the coupon level, the
diameter expansion can be quantified and tracked over
the number of cycles. As before, the diameter expan-
sion gradually increases toward the end of the experi-
ments (cf. Figure 16). The cyclic load profile led to
progressive damage accumulation. Initially, hole wall
damage occurred due to repeated compressive stresses
between the bolts and the material, leading to matrix
cracking and, over time, a loss of the connection pre-
load. In addition, the cyclic loading caused fiber dam-
age around the screw holes. As cyclic loading

Figure 14. Results of the static component specimen test
conducted as a sequence of monotonic 50 kN load ramps.

Figure 15. Damage image of the component specimen after
static tensile testing showing net section failure.

Figure 16. Element level: Diameter expansion over the
number of load cycles during fatigue testing.
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progressed, stress concentrations in the reduced cross-
sectional area increased, accelerating damage propaga-
tion. Furthermore, cyclic loading caused abrasive wear
of the components. This wear manifests itself as sur-
face erosion.

Discussion of the experimental results

As part of the study, bolted CFRP connections were
extensively tested at both coupon and component lev-
els under static and cyclic loads in order to evaluate
their load-bearing and damage behavior under repre-
sentative loading conditions and to validate a hybrid
SHM system. The coupon tests showed a clearly pro-
nounced, progressive bearing damage behavior, while
the more complex component specimens mostly failed
showing abrupt macroscopic net section rupture. The
fatigue tests revealed a steady, reproducible accumula-
tion of damage and characteristic hole extension. A
direct comparison of the fatigue results of the different
specimen geometries (coupon and component) in rela-
tion to the applied stresses is shown in Figure 17.

It can be seen from the curves that the fatigue life of
the component specimens—depending on the cyclic
stress—is shorter than that of the coupon specimens.
One possible reason for this could be different failure
mechanisms. While all coupon specimens show failure
due to valid bearing damage, most component speci-
mens show failure in the net cross-section. Uneven
loading of the fastening bolts, due to the tight manu-
facturing tolerances and the fact that the component
specimens could not be clamped over the entire width
of the specimen, could provide a further explanation
for the early failure of the component specimens.
Indications of this were found in the SG evaluations
and numerical analyses, which are not presented fur-
ther here. While the coupon specimen transfers the
load via a single bolt, the component specimen has
three bolts. This leads to interaction between the
closely spaced connecting elements in the component
specimen. An inhomogeneous bolt load was detected
in the component sample. Analyses revealed about
10% higher strains around the middle bolt compared
to the edge near regions. Furthermore, the complex
mounting and specimen alignment in the fixture could
have had an impact. Furthermore, it cannot be ruled
out that the heat development—as a result of the fric-
tion between the connecting bolts and the CFRP
specimen—had an influence on the earlier failure of
the component specimens. Although the connecting
bolts were connected to a water cooling system during
the cyclic tests, slight heating could be observed in the
area of the bolt connection. In summary, it can be said
that load transfer is idealized and direct in the case of
the coupon, whereas in the case of the component, it is

significantly more inhomogeneous due to geometric
effects, clamping restrictions, and statistical manufac-
turing tolerances. If the cyclic loads are normalized to
the respective static strengths of the coupon or compo-
nent specimens, then resulting SN curves are very simi-
lar. This means that both specimen types exhibit the
same relative fatigue behavior. The differences are
therefore mainly in the level of static strength, while
the underlying fatigue mechanisms and the dependence
of the service life on the relative load are identical,
except for the different final failure event. Overall, the
data points of each curve align well along the fatigue
trend line, indicating good consistency among the
experiments and a low level of experimental error.
Overall, the results form a reliable basis for the evalua-
tion of the joining technology and the performance
validation of the SHM approach used.

Mathematical analysis and results

The previous section detailed the material characteriza-
tion and experimental results, whereas the present sec-
tion examines the SHM data and the implementation
of the proposed decision-level data fusion framework.
Consistent with the methodology employed through-
out this study, two-thirds of the baseline dataset is allo-
cated for training. Subsequent increases in the Q-index
(active sensing) and in ε (passive sensing) indicate
potential damage, reflecting measurable deviations
from the learned undamaged state. As in earlier analy-
ses, both static and cyclic loading scenarios are evalu-
ated at the coupon and structural-element levels.

Throughout the experiments, data acquired from
the active monitoring system were preprocessed to
remove high-frequency noise. This preprocessing step
was essential due to the high dimensionality of the

Figure 17. Comparison of coupon and element level SN data,
absolute bearing pressure, and normalized with bearing strength
from the static tests.

Römgens et al. 13



datasets and the elevated sampling rates required for
capturing the signals of interest. All datasets employed
an excitation frequency of 40 kHz, which, according to
the Nyquist criterion, mandates a sampling rate
exceeding 80 kHz. To mitigate computational com-
plexity, the active-sensing signals were low-pass fil-
tered, resampled, and standardized prior to analysis. In
contrast, data from the passive monitoring system were
not resampled, as their inherent sampling frequency
was substantially lower and already suitable for down-
stream processing. Noteworthy, active water cooling

maintained specimen temperatures below 35�C.
Furthermore, the training process implicitly incorporates
temperature variations by utilizing multi-temperature
baseline data, providing robust compensation for thermal
impacts on the PZT signals.

Static tests—coupon level

Damage is indicated by the exceedance of the elasticity
threshold, at which irreversible deformation occurs.
Figures 18 to 22 illustrate the results for the active and

Figure 18. Results of both monitoring systems for coupon 1.

Figure 19. Results of both monitoring systems for coupon 2.

Figure 20. Results of both monitoring systems for coupon 3.
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passive systems. Damage occurrences are marked in
the passive monitoring system by vertical, orange-
dashed lines. The measurement data for the undamaged
state is shown in blue, while that for the damaged state
is highlighted in red in the active monitoring system. A
first observation concerns differences in data availabil-
ity and collection between the two monitoring systems.
With the passive system, data is continuously available,
as it operates without external activation and records
measurements continuously. Continuous acquisition
enables seamless monitoring and is particularly well-
suited for observing changes or damage over extended
periods. In contrast, data collection in the active system
is linked to the targeted activation of the excitation.
The dependence means that measurement data are only
available when the system is actively operating. The
measurement index within the figures is used to repre-
sent consecutive data acquisition, as continuous record-
ing over the entire duration was not performed in the
active system. This conditional data acquisition requires
conscious control of the measurement cycles, which
means data availability is both time-limited and selec-
tive. Such methodical recording offers the advantage of
targeted analysis but requires careful planning of mea-
surement timing to capture relevant events or changes
in status.

It is noteworthy that, despite the absence of a for-
mally defined threshold separating healthy from dam-
aged states, the overall trends of the response curves
remain clearly interpretable. For instance, false nega-
tives can be defined as values that remain within the
baseline data range, even though damage has occurred.
The results obtained from the passive monitoring sys-
tem exhibit a high degree of sensitivity to the underly-
ing external forces, providing valuable insight into
the system’s dynamic behavior and its susceptibility to
evolving damage. The damage index ε correlates
strongly with the hole pressure. The damage index is
also highly sensitive toward internal stresses, resulting
in a sudden increase (cf. Figure 18). Potential false
positives are a result, and at the end of the experiment,
some false-negative results are due to the decrease in
excitation force inevitable. The same trend regarding
dependence on excitation force can be observed in the
results shown in Figures 19 to 22. The anomaly scores
of the active monitoring system show that it is more
robust for damage detection. Detection based on the
Q-index allows differentiation between states without
prior knowledge of the damaged state. The red color
indicates states known to be damaged. The bars associ-
ated with these states are consistently much higher
than those for the reference state (blue). The

Figure 21. Results of both monitoring systems for coupon 4.

Figure 22. Results of both monitoring systems for coupon 5.
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observation applies to both the data used to determine
the principal components (training) and the data not
included in this process (validation). More precisely,
the scores obtained by analyzing data from the healthy
state not used during training are consistently lower
than data from the damaged state. Another important
advantage is the independence of the response mea-
surements from the applied force. At the end, even
without loads applied, the scores are still higher than
in the reference state. However, continuous tracking of
the health state is not possible with the active monitor-
ing system.

The analysis of the monitoring performance of pas-
sive and active systems highlights specific weaknesses
and strengths in both approaches. The passive system
shows a strong dependence on the applied load, leading
to fluctuations in the damage index and complicating
risk assessment. On the other hand, the active system
offers independent damage detection without depen-
dence on the load, but continuous monitoring is not
possible due to conditional measurement data acquisi-
tion. These limitations prevent a consistent assessment
of the damage risk. To compensate for these weak-
nesses, a fusion of both systems was implemented at
the decision-making level. This fusion aims to combine
the strengths of both approaches and eliminate their
respective weaknesses. In particular, the fusion enables
continuous data acquisition from the passive system,
complemented by the robust damage detection capabil-
ities of the active system. The decision to implement
fusion at the decision level is based on the characteris-
tics of damage progression under static loading. Since
the damage is sudden and irreversible, a fusion at the
feature level would be less valuable. Instead, the fusion
approach was implemented directly using the damage
indices derived from the two monitoring systems, as
detailed in the ‘‘Mathematical methods’’ section. To
determine the threshold values a and b (see Equation
(4)), the measurement data from coupons 1 and 2 were
used to transform the damage indices into probability
assessments. The results of the fusion analysis are pre-
sented in Figures 23 to 25. As expected, the likelihood
of damage occurrence is approximately 0% during the
initial and early stages of loading, but it increases stea-
dily as the experiment progresses.

The resulting damage probability is categorized into
three states: An intact state with a low damage prob-
ability (’ 0%), a damaged state with a high damage
probability (above 99%), and an uncertain state with
intermediate values. Higher fusion values correspond
to higher damage probabilities. By merging the predic-
tions of both monitoring systems, the overall result is
adjusted based on the confidence interval of the other
system (the system with a high probability of damage).
The overall damage probability only increases if at

least one index predicts a damage probability other
than zero as defined in Equation (5). The criteria
improve the stability of the probability estimate, espe-
cially in scenarios where the strain-based monitoring
system detects no load, thereby making the active mon-
itoring system in this study more reliable. It is therefore
possible to rely exclusively on this system and activate
it permanently. Although the Q-index demonstrated
effective damage detection, it did not show a clear cor-
relation with the probability of damage, making it

Figure 23. Decision-level data fusion results for coupon 3.

Figure 24. Decision-level data fusion results for coupon 4.

Figure 25. Decision-level data fusion results for coupon 5.
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difficult to predict it before it occurs. It should be
noted that, before the damage occurred, insufficient
measurements were taken to better evaluate this point.
The effectiveness of the combined monitoring systems
was demonstrated by the precise and reliable predic-
tion of the coupons’ condition. The ultrasound-based
system proved insensitive to load changes and more
reliable for damage detection, whereas the strain-based
system showed a similar trend to the applied load. The
advantages of both systems were combined in a fusion
to correct inaccuracies in damage detection and enable
reliable predictions of the probability of damage.

Cyclic tests—coupon level

During the cyclic loading phase, coupons 6 through 9
exhibited partial malfunctions or issues related to the
SGs. Because the primary objective of this work is to
assess the impact of integrating passive and active
monitoring systems rather than conducting isolated
analyses, these coupons were excluded from further
evaluation. For training the autoencoder and deter-
mining the principal components, only measurements
recorded before the diameter expansion exceeded
0.25 mm were used; the diameter expansion was identi-
fied based on hysteresis behavior. Setting this threshold
value was particularly challenging due to the nonlinear

behavior of composite materials. With such materials,
even small increases in strain can lead to unpredictable
changes in material properties. The threshold value
was therefore chosen to ensure a balance between col-
lecting sufficient data for training and avoiding
severely damaged conditions. Due to the different test
configurations and load cycles of the individual cou-
pons, the threshold value was exceeded at different
times in each case. The evolution of the damage indices
during the cyclic loading tests for coupons 10 through
15 is presented in Figure 26. Each subfigure illustrates
the results obtained from the individual monitoring
systems, while the decision-level fusion of both indices
is shown in green. A red line denotes the threshold
beyond which damage is considered to have occurred.

Both damage indices exhibit an overall upward
trend during the cyclic tests, though some irregularities
in the curves indicate uncertainty. For most coupons,
the indices remain low at the beginning of the experi-
ments, whereas coupons 13 and 14 deviate from this
general behavior. Visual inspection of the results sug-
gests a strong correlation between the progression of
diameter expansion and both damage indices.
Nevertheless, the observed fluctuations in the indices
may reflect uncertainties arising from measurement
noise, material-property variability, or nonlinear sys-
tem effects.

Figure 26. Damage analysis results for coupons 10–15 under cyclic loading. The corresponding alternating load is given for each
coupon. The continuous thick red line indicates the critical state, where the diameter expansion reaches 0.4 mm: (a) coupon
10—98.6 kN; (b) coupon 11—114.1 kN; (c) coupon 12—78.7 kN; (d) coupon 13—76.1 kN; (e) coupon 14—133.6 kN; and
(f) coupon 15—78 kN.
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The fusion proposed in Equation (5) gives more
weight or priority to the monitoring system that indi-
cates damage (cf. Figure 26). The weighting helps to
eliminate false negatives that can arise, for example,
due to the absence of load in the passive system.
However, this approach increases the fusion’s suscept-
ibility to false positives, especially when outliers arise
from measurement errors or extreme changes in envi-
ronmental conditions. To counteract this problem, the
fused damage probability is further filtered by taking
the minimum of each consecutive pair. This approach
ensures that outliers in both systems are excluded,
thereby improving the accuracy and reliability of the
fused system. The visual results confirm this effect and
show that the fusion effectively corrects the ambiguities
and weaknesses of the two individual systems. In par-
ticular, Figure 26(c) illustrates the enhancements due to
the fusion of both damage indices on the decision level.
As a result, a much more robust damage indicator is
present. By calculating the merged damage probability,
outliers are mainly excluded, yielding a more stable
curve with fewer fluctuations or declines. The function
shows an almost continuous increase, reflecting the
course of the diameter expansion. Both the passive sys-
tem (e.g., coupon 11) and the active system (e.g., cou-
pon 10) can provide less accurate estimates of damage
progression in some cases. As shown in coupon 13, the
fusion output can decrease even as damage increases,
revealing an explicit limitation of the approach.
However, the results show that the fusion consistently
enables improved, more reliable damage prediction. In
particular, the fused damage probability provides a reli-
able forecast in the range where the diameter expansion
reaches its predefined critical range.

Static and cyclic tests—component level

At the element level, the stress distributions and the
gradual decline differ from those at the coupon level
when subjected to static loading. As defined above,

damage occurs when the applied static stress exceeds
the limit of linear elasticity, leading to irreversible
deformation. The aim is to evaluate the structural
integrity of components and to validate performance
based on the individual sensor technology scores in
realistic scenarios. As explained in the previous chap-
ter, the realistic connection is based on three bolts. The
results for both loading scenarios are illustrated using
a representative component.

Figure 27 shows the results of the damage prediction
under static loading, presented separately for the active
and passive monitoring systems. Damage detection
results for component 1 during static testing illustrate
the passive monitoring system with an autoencoder
(left) and the active monitoring system with PCA
(right). The time of damage occurrence is indicated in
the passive monitoring system by the vertical, orange-
dashed line. In contrast to the coupons, both monitor-
ing systems show plausible and reliable predictions in
the component tests. The measurement data for the
undamaged state is shown in blue, while the data from
the active monitoring system for the damaged state is
highlighted in red. Both damage indices show a contin-
uous increase, reflecting the component’s increasing
damage potential. When damage occurs, both indices
show a significant jump, indicating reliable monitoring.
Unlike in the coupon tests, the ε index continues to
show high values for damaged conditions even at the
end of the experiment, when no load is being applied to
the structure. The severe damage to the component
caused multiple SGs to fail. As a result, measurement
accuracy deteriorated during the final stages of the
experiment, leading to the plausibly elevated damage
indices observed. Although the failure of some sensors
helped correctly predict the component’s condition,
this could become problematic in regular operation. A
sensor failure during normal operation could lead to
false positives, compromising the system’s reliability.

The predictions of both monitoring systems for
component 1 proved plausible, which supports the

Figure 27. Damage assessment of component 1 subjected to static loading.
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effectiveness of their fusion. Figure 28 shows the results
of the fusion at the decision level. As already shown in
the coupon tests, the resulting damage probability can
be divided into three conditions: a healthy reference
state with a low damage probability, a damaged state
with a damage probability above 99%, and an uncer-
tain area. Higher values of Pfusion correlate with a
higher probability of the damage occurrence. By fusing
the predictions of both monitoring systems, the results
of the individual systems are combined. More precisely,
100% can only be achieved if a system fully confirms
the damage. The advantage of using the combination
at the decision level can be clearly demonstrated. The
drop in the Q� index is avoided, and a much steadier,
more realistic occurrence is observed.

A key difference from the coupons is that the com-
ponents have three bolts instead of just one. Since the
testing machine only measures the overall elongation of
the entire component, the individual-diameter expan-
sion of the bolt holes cannot be determined. Figure 29
shows the calculated damage probability for cyclic
loading, which was determined separately from each
damage index, as well as the combined damage prob-
ability, which was calculated according to Equation (5)
by merging the indices. The blue line corresponds to
the obtained ε values, whereas the orange line illus-
trates the PCA results. The weaknesses of both indices
are clearly evident, as the ε values do not indicate
already present damage within the first 30 cycles. The
Q-index appears quite unstable, making the examina-
tion difficult. Notably, the combined score at the deci-
sion level yields stable results, successfully detects
damage, and demonstrates its applicability at the com-
ponent level for cyclic loading. Noteworthy, just as
with the merging of the coupon tests, the merged prob-
ability of damage was additionally filtered by taking
the minimum value for each pair of consecutive values.
This approach helps minimize outliers and achieve a
more stable, accurate damage forecast by excluding

uncertain or erroneous measurements that could lead
to inaccurate predictions.

The visual results confirm that the fusion effectively
corrects the ambiguities and weaknesses of the two
individual systems. This includes the clear fluctuations
caused by the active system’s damage index, which are
reduced by the fusion, yielding a more reliable forecast
than the inaccurate predictions observed in the individ-
ual systems. Similarly, the declines in the passive system
are corrected by fusion. The fused damage probability
shows a continuously smooth upward trend that accu-
rately reflects the progression of damage.

Discussion and concluding remarks

Traditional features like amplitude or Time-of-Flight
often lack the precision required for monitoring com-
plex composite joints. Consequently, most works eval-
uate entire signal patterns via reconstruction-based
models to provide a more robust, holistic assessment of
structural integrity that effectively mitigates environ-
mental noise. The physical meaning of the SHM indi-
cators can be established by relating their evolution to
independently observable mechanical and damage-
related phenomena. Under static loading, the force–
displacement response exhibits linear-elastic behavior
in the intact state and transitions to nonlinear behavior
after damage onset due to mechanisms such as matrix
cracking, bearing damage, and hole elongation; this
transition is consistently reflected by a pronounced
increase in the damage indices ε and Q. Under cyclic
loading, the damage state is quantified using the hole
diameter expansion derived from hysteresis-loop eva-
luation, which represents a physically meaningful indi-
cator of progressive bearing damage and bolt preload
loss. The observed correlation between diameter expan-
sion and the damage indices confirms that ε and Q

Figure 29. Component 3: Damage analysis of cyclic loading on
the element level. The continuous thick red line indicates the
critical state, where the diameter expansion reaches 0.4 mm.

Figure 28. Results of the data fusion analysis for component 1
subjected to static loading.
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track the accumulation of physical damage, with domi-
nant damage mechanisms primarily affecting signal
amplitude and energy content through increased scat-
tering, damping, and contact nonlinearity. Integrating
these variations into a combined evaluation score
enhances the reliability of the procedure.

The weaknesses of the individual scores have been
illustrated on the coupon level under static (cf. Figure
18) and cyclic loading (cf. Figure 26). The ε values
were strongly correlated with the hole pressure, or
more precisely, the forces applied to the specimen, so
that the damage indicators dropped toward the end of
the experiment due to the decrease in force. The Q-
index has been unaffected by the excitation magnitude,
which can be explained physically in regard to the dif-
ferent evaluation parameters. Instead of a strain, the
acoustic wave propagation is analyzed. The active sys-
tem offers independent damage detection without reli-
ance on the load, but continuous monitoring is not
possible due to conditional data acquisition.

To compensate for these weaknesses, a merger of
both systems was successfully implemented at the
decision-making level. The merger has combined the
strengths of both approaches and eliminated their
respective weaknesses. While damage trends can be
observed from strain data alone, strain-based indica-
tors are load-dependent and can become misleading.
More precisely, to improve robustness, a decision-level
data fusion approach is employed: when one sensing
system is affected by operational variability or sensor
issues, the other compensates, resulting in more reliable
and consistent damage detection under realistic condi-
tions. Impressively, the impact has been demonstrated
for both the static (cf. Figures 23–25) and cyclic load-
ing (cf. Figure 26). In particular, the fusion enables
continuous data acquisition from the passive system,
complemented by the robust damage detection capabil-
ities of the active system. Notably, fluctuations could
be influenced by factors such as measurement noise,
variability in material properties, or nonlinear effects.
Due to the importance of reproducibility, it is referred
to the supporting dissertation.27 This work provides
the underlying statistical validation, including the
mean values and scatter of the damage indicators
across investigated specimens, ensuring that the repre-
sentative results discussed in this paper are statistically
grounded and reproducible.

Both monitoring systems produce plausible and reli-
able predictions in the component tests, unlike the pre-
viously observed coupons. The damage indices show a
continuously increasing trend, reflecting the expected
increase in the component’s damage potential. The ε
values highlighted in Figure 27 still show high values
despite no force applied at the end of the experiment.
Uncertainties can be significantly reduced by data

fusion on the decision level as illustrated in Figure 28.
The combination enables a reliable estimate of the like-
lihood of damage occurrence. Even more present is the
improvement on the cyclic loading, in which especially
the autoencoder model did not provide sufficient
results and showed the need for fusion due to the
decrease of the damage score despite present damage
(cf. Figure 29). Based on the constant values at the
beginning, it can also be seen that the correlation with
the hole pressure does not occur as it does with the
coupons.

Overall, the data fusion strategy successfully distin-
guished between healthy and damaged states, while the
data analysis uncovered key dependencies essential for
robust SHM. Noteworthy, while mechanical effects
like uneven load sharing and premature failure were
observed, this study remains focused on developing an
unsupervised SHM framework and decision-level data
fusion. These complex structural mechanics merit fur-
ther investigation through detailed FE analyses.

Conclusion and outlook

In this paper, we addressed the reliability and accuracy
of damage detection in bolted connections for segmen-
ted rotor blades. Therefore, a dual-system monitoring
approach comprising both active and passive sensing
methods was implemented, and the acquired measure-
ments were thoroughly analyzed. The hybrid measure-
ment framework was validated through a series of
static and dynamic bolt-hole bearing tests. To reflect
varying structural complexities and loading scenarios,
the investigated joints included both single-shear and
multi-shear configurations subjected to different load
levels. The component specimens showed a shorter
fatigue life than the coupon specimens, regardless of
the cyclic stress, which can be attributed to differences
in damage behavior, premature net-section rupture,
and uneven bolt loads and alignment uncertainties in
the test setup. In addition, increased local strains and
frictional heat between the bolt and CFRP specimen
may have contributed to the earlier failure of the com-
ponent specimens. For monitoring, the passive system
results indicate that the damage index is susceptible to
the load applied to the bolt connection. The results of
the active monitoring system demonstrate a robust
ability to distinguish between health states using the Q-
index. The effectiveness of the combined monitoring
systems was demonstrated by the accurate and reliable
prediction of the coupons’ condition. The results
revealed that the proposed data-fusion strategy can
robustly identify damage, even when individual sensor
systems exhibit limited or inconsistent predictive per-
formance. The incorporated weighting leverages the
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complementary strengths of each modality: the high
sensitivity of active guided waves to incipient micro-
scopic damage is balanced with the macroscopic
robustness of passive strain monitoring to effectively
minimize false-positive alarms. The main limitations
are the passive system’s reliance on the excitation force
and the active system’s lack of consistently reliable
response measurements. Nevertheless, the decision-
level fusion architecture is highly versatile and sensor-
agnostic; it is not limited to the current setup but can
be readily extended to integrate various other sensing
technologies, such as fiber optics or accelerometers, by
mapping heterogeneous anomaly scores. Future studies
may investigate the applicability of alternative data-
fusion techniques in similar applications. Moreover,
characterizing different damage types and analyzing
their respective failure modes would provide valuable
insights. To support future experimental studies, a
displacement-sensor concept enabling direct measure-
ment of hole expansion should be developed.
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nica de Catalunya, 2011, Barcelona, Spain, pp. 8–17.

26. Römgens N. Robust damage detection and localization

under varying environmental conditions using autoencoders

and input-residual correlations. Dissertation, Leibniz Uni-
versity Hannover, 2025.

27. Abbassi A. Unsupervised damage localization in compo-

site materials using domain adaptation and knowledge-

embedded generative adversarial network for data gen-

eration. Dissertation, Leibniz University Hannover,
2025.

28. Hassani S, Dackermann U, Mousavi M, et al. A systema-
tic review of data fusion techniques for optimized struc-
tural health monitoring. Inf Fusion 2024; 103: 102136.

29. Li SZ. Encyclopedia of biometrics: I-Z, vol. 2. Springer
Science & Business Media, New York, NY, USA, 2009.

30. Wierach P, Adam TJ, Schmidt D, et al. Schlussbericht
Teilvorhaben: Ultraschallbasiertes System zur Zustandsü-
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