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Abstract. Wind turbine rotor blades are among the most critical components of wind turbines, with their struc-
tural integrity directly affecting reliability, lifetime, and maintenance costs. Reliable damage identification is
therefore essential for structural health monitoring (SHM) strategies in wind energy applications. In this context,
the updating of numerical models represents an established method for vibration-based non-destructive damage
identification, including damage detection, localization, and quantification. Naturally, the model-updating pro-
cess is affected by different sources of uncertainty. On the one hand, the numerical model always represents an
idealization that introduces unavoidable discrepancies between its basic assumptions and reality. On the other
hand, the measurement data and identified modal parameters, typically serving as damage-sensitive features,
are subject to uncertainty. Despite extensive research on uncertainty quantification and propagation in model
updating, comparative studies of model-updating procedures applied to large-scale structures, particularly wind
turbine rotor blades, remain scarce. Moreover, the level of model fidelity and the impact of different design vari-
able configurations associated with the selected numerical model are seldom examined in the context of model
updating, typically formulated as an optimization procedure.

This study addresses this gap by systematically evaluating how model fidelity and design variable parameteri-
zation influence the model-updating results while considering input uncertainty associated with the measurement
data and identification process. The investigations are conducted using measurement data from a 31 m rotor blade
subjected to edgewise fatigue loading.

A comparison of the results shows that all design variable configurations yield consistent results, confirming
the robustness of the presented model-updating procedures. Model fidelity, however, strongly influences the
outcomes, with higher accuracy and detail leading to distinctly improved damage identification.

et al., 2023). With the continuous upscaling of turbine and

The structural integrity of wind turbine rotor blades directly
affects the operational reliability, energy yield, service life-
time, and maintenance costs of entire wind farms (Hau, 2013;
Civera and Surace, 2022). The blades are typically highly
loaded and critical to the overall design of the turbine (Kong

blade size, rotor blades are increasingly exposed to fatigue
loads, making them susceptible to damage initiation and
crack propagation. Algolfat et al. (2023) give an overview
of common damage scenarios for wind turbine rotor blades.
In this context, manufacturing defects were estimated to ac-
count for approximately 50 % of all blade damages (Civera
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and Surace, 2022). It is pointed out that such types of dam-
age can lead to failure or breakdown of the wind turbines
as they increase the level of vibrations and impose addi-
tional dynamic loads (Algolfat et al., 2023). Consequently,
reliable identification and characterization of blade damage
are essential for effective structural health monitoring (SHM)
strategies in wind energy applications (Yang et al., 2017,
Kaewniam et al., 2022). Haseeb and Krawczuk (2026) give a
comprehensive review of SHM techniques applied for wind
turbine rotor blades along with causes and types of blade
damage.

Within an SHM framework, the basic assumption is that
damage, defined as degradation of mechanical properties
(Worden et al., 2007), causes detectable changes in struc-
tural dynamic behaviors (Mottershead and Friswell, 1993).
Hence, to enable damage identification, including detection,
localization, and quantification, vibration measurement data
need to be acquired for at least two different states of the
considered structure (Friswell, 2007), meaning a reference
state and an analysis (i.e., target) state. A variety of different
SHM methods based on various damage-sensitive features
have been developed and applied to date (Avci et al., 2021).
Such approaches are of vital importance when seeking to
maintain the safety and integrity of the structures under con-
sideration (Brownjohn, 2007; Fan and Qiao, 2011). Among
them, the updating of numerical models represents an es-
tablished vibration-based non-destructive damage identifica-
tion technique (Das et al., 2016; Ereiz et al., 2022), which is
also employed within this work. Due to its methodology, the
model-updating process is affected by two major sources of
uncertainty — associated with the model and the measurement
data — as clearly pointed out by Simoen et al. (2015).

One source of uncertainty arises from the numerical model
employed in the updating procedure. Depending on its level
of fidelity, in terms of the chosen finite-element (FE) type,
the numerical model represents a more or less simplified ver-
sion of the structure under consideration and, by definition,
always remains an idealization. Consequently, a certain level
of discrepancy between the model predictions and the cor-
responding characteristics identified from the measurement
data is inevitable (Mottershead et al., 2011). Christodoulou
et al. (2008), for example, use multi-objective model updat-
ing to demonstrate that higher-fidelity models lead to better
predictions, resulting in reduced variability of the Pareto op-
timal solutions. Their investigations were performed using
experimental data from a 2.4 m high three-story steel struc-
ture. With regard to the modeling of (wind turbine) rotor
blades, extensive research has been conducted on the com-
parison of numerical models based on different FE types
and, thus, with varying levels of model fidelity (Lake and
Nixon, 1988; Volovoi et al., 2001; Peeters et al., 2018;
de Almeida et al., 2025). However, comparative analyses
of model-updating procedures applied to large-scale struc-
tures, especially to wind turbine rotor blades, using different
numerical models and associated design variable configura-
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tions remain scarce. Mostly, model-updating procedures ap-
plied to small- or large-scale wind turbine rotor blades uti-
lize FE beam models (Noever-Castelos et al., 2022; Turnbull
and Omenzetter, 2024). Chetan et al. (2021), for example,
propose a multi-fidelity digital twin model for the simula-
tion of a 21 m sub-scale wind turbine rotor blade but per-
form the actual updating of the mass and stiffness distribu-
tions using an Euler—Bernoulli beam model. Moreover, the
application of detailed shell-based models for model updat-
ing, allowing for damage identification along the blade span
and chord, is rarely published. Knebusch et al. (2020) ap-
plied a gradient-based model-updating procedure to a 20 m
rotor blade using a detailed shell model. However, the de-
sign variables were mapped directly to material properties of
so-called predefined design fields, representing FE groups.
While this is a common approach to keep the number of de-
sign variables low (Levin and Lieven, 1998), it is dependent
on a prior grouping of FEs and can result in undesired oscil-
latory stiffness distributions when an unconstrained formula-
tion is used.

Another source of uncertainty is the measurement data.
Due to the unavoidable spatial sparsity and noisiness of sen-
sor signals and possible imperfections in the measurement
equipment, measured data always contain uncertainty, which
can merely be minimized but never fully eliminated (Link,
1999). In addition to the uncertainty contained in the raw
measurement data, further uncertainty is introduced during
the subsequent signal processing and identification of modal
characteristics of the physical structure (Friswell and Mot-
tershead, 1995), which is referred to as identification uncer-
tainty. In recent years, numerous studies have investigated
uncertainty quantification and propagation in model updat-
ing, employing methods such as Bayesian inference (Bi et al.,
2021), interval approaches and fuzzy logic (Faes and Moens,
2020), and the sample-based deterministic model-updating
(SDMU) approach recently introduced by the authors (Wol-
niak et al., 2025a). However, the primary focus of these
works has typically been on methodological development
rather than on large-scale experimental validation.

Within this work, the described input uncertainty sources
inherent to the model-updating process are systematically ex-
amined and addressed using a 31 m laboratory wind turbine
rotor blade subjected to edgewise fatigue loading. The rotor
blade was instrumented with accelerometers to monitor its
gradual stiffness degradation due to the fatigue loading, ul-
timately leading to crack growth across the leading edge at
approximately 8 m distance from the blade root. The mea-
sured acceleration time series along with the corresponding
modal properties identified from the measurement data using
Bayesian operational modal analysis (BayOMA) (Au et al.,
2013; Au, 2017) are published in an open-access repository
(Wolniak et al., 2025b) alongside this paper. This unique ex-
perimental dataset provides a basis for monitoring the grad-
ual stiffness degradation of a large-scale laboratory rotor
blade tested under edgewise fatigue loading.
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An outstanding feature of this rotor blade fatigue test was
the complete documentation of the manufacturing process,
accompanied by detailed material and geometry data. This
extensive information enabled the development of two nu-
merical models, i.e., a beam model and a shell model, with
differing levels of fidelity, both of which are employed and
compared within the model-updating procedure(s). Conse-
quently, different design variable configurations are intro-
duced and applied, as their selection depends not only on the
purpose of model updating but also on the specific numeri-
cal model used in the updating process, including its element
type and geometry. In this work, all presented design vari-
able configurations define a one- or two-dimensional dam-
age distribution function used to alter the stiffness properties
of the respective numerical model. This definition ensures a
smooth, realistic stiffness distribution and is independent of
the FE mesh resolution and of prior assumptions about the
defect location while requiring only a few design variables.
Moreover, it can cover a wide range of damage scenarios,
from highly localized defects affecting only a few FEs to one
FE to a smoothly distributed stiffness degradation over an ex-
tended region. As in all related studies (Fan and Qiao, 2011;
Simoen et al., 2015; Ereiz et al., 2022), this work also uses
the discrepancies between simulated and identified modal
properties as updating objectives. In particular, the eigenfre-
quencies and eigenmodes of the large-scale rotor blade are
utilized in this work. To avoid the need for weighting fac-
tors, multi-objective optimization is applied (Christodoulou
et al., 2008). In addition, both objective functions are formu-
lated in relative terms, taking into account a possible constant
discrepancy between the simulated and identified responses
for both the analysis and the reference states. To account for
the identification uncertainty associated with the modal prop-
erties identified from the measurement data, the SDMU ap-
proach is utilized (Wolniak et al., 2025a). This approach is
motivated by a separation of the incorporation of this par-
ticular input uncertainty and the model-updating procedure
itself, resulting in an approach that is fully adaptable to the
specific problem at hand. In this work, an SDMU realization
that delivers fully deterministic and reproducible results is
applied.

The following key points summarize the fundamental as-
pects of this study:

— publication of a unique experimental dataset along with
identified modal properties, providing a basis for mon-
itoring the stiffness degradation of a large-scale rotor
blade tested under edgewise fatigue loading;

— application of a beam and shell model within the model-
updating process to compare different levels of fidelity;

— application of different design variable configurations
tailored to the respective numerical models utilized.

The combination of a unique large-scale rotor blade fa-
tigue test, the systematic model updating across the gradual
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stiffness degradation of the rotor blade, and the comparative
evaluation of numerical models and associated design vari-
able configurations of different levels of fidelity constitutes
a novel contribution in the context of SHM for wind turbine
rotor blades. The results demonstrate the methodological ro-
bustness of the proposed model-updating procedure, includ-
ing the SDMU approach that considers and propagates input
uncertainty, in this work associated with the measurement
data and the subsequent modal parameter identification, and
including the use of the one- and two-dimensional damage
distribution functions parameterized by the different design
variable configurations. Moreover, the findings of this work
underline the importance of defining the analysis objective in
advance, as the choice of the numerical model and the associ-
ated design variable parameterization is decisive in obtaining
meaningful and reliable results.

2 Model updating

Typically, a model-updating problem is formulated inversely
and treated as an optimization problem (Mottershead et al.,
2011). An objective function is used to compare the struc-
tural dynamic behavior of the numerical model to a target
state, and an optimization algorithm is used to find a model
to match this target state by updating the selected design vari-
ables. Most often, this is achieved through stiffness or mass
modifications (Friswell and Mottershead, 1995).

The utilized optimization algorithm is essentially designed
to solve bounded and nonlinear optimization problems. This
can be stated as

minimize e(x) for e € R", x e R”, (1

where € is a vector-valued function consisting of m ob-
jective functions e(x) = (g1(x), €2(x), ..., &m(x)), and x 1is
the n-dimensional vector of design variables. In this work,
multi-objective optimization is applied, where the concept of
Pareto dominance is followed (Marler and Arora, 2004). The
space of the design variables is bounded by the volume of a
hypercube

Xip <X < Xub, ()

where x, and x, are the lower and upper bounding vectors,
respectively. For the optimization performed in this work, the
optimization framework EngiO, introduced by Berger et al.
(2021), is utilized.

From Eq. (1), it is clear that the optimization process and,
thus, the quality of model-updating results depend on two
key aspects: on the configuration of the design variables x
on the one hand and, on the other hand, on the formulation
of the objective function €(x). In the following subsections,
detailed information is given about the definitions used in this
work.
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2.1 Design variables

The determination of the design variables strongly depends
on the purpose of model updating. Since the aim of this
contribution is damage identification, specifically damage lo-
calization and quantification, the parameterization should be
able to identify the geometric position of the damage and its
intensity.

As damage mainly manifests itself as a change in stiffness,
the general approach for most FE model-updating procedures
with the aim of damage identification is to alter the stiffness
properties of the model at hand (Friswell and Mottershead,
1995). This approach is also applied in this work. As no prior
knowledge of the defect location is assumed, the updating of
the stiffness properties of all N elements is performed, inde-
pendent of the element type. This is implemented by adapting
the initial Young’s modulus E of each FE with a correspond-
ing scaling factor 6y

Eg x = Eob with k € [1, Ng]. 3)

The stiffness scaling factors 6 are calculated on the basis of
the design variables. In this work, the design variables pa-
rameterize a so-called damage distribution function, previ-
ously introduced and applied by the authors (Wolniak et al.,
2023). By formulating the mapping of the considered struc-
tural properties to the FEs using a distribution function, a
smooth and realistic spatial distribution is ensured. As a re-
sult, the model-updating process is forced to focus on global
structural dynamics instead of over-fitting local deviations.
Moreover, the model-updating procedure is independent of
the FE mesh resolution and of prior assumptions about the
defect location while only needing a few design variables.
However, applying the damage distribution in its current
form restricts damage identification to only one damage po-
sition. In this work, a spatial Gaussian damage distribution
function is considered based on the assumption that the dam-
age roughly follows this type of distribution. In addition, this
representation can cover a wide range of damage scenarios,
from highly localized defects affecting only a few FEs to one
FE to a smoothly distributed stiffness degradation over an ex-
tended region. Furthermore, the smooth spatial distribution
of the damaged area leads to a comparatively smooth objec-
tive function, which, in turn, promotes faster and more stable
convergence of the utilized optimization algorithm.

The determination of the design variables additionally de-
pends on the specific model used in the updating procedure,
as its element type and geometry inherently influence their
configuration. In this work, two different numerical models
of the large-scale rotor blade are considered, which necessi-
tate at least two different design variable configurations. In
the following subsections, firstly, the parameterization of a
one-dimensional damage distribution function for the model
updating using a rather simple beam model of the rotor blade
is presented. This definition, based on three design variables,
has already been introduced and successfully employed in
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several preceding publications (Bruns et al., 2019a, b; Wol-
niak et al., 2023), where deterministic model updating was
performed on simulated and experimental application exam-
ples. In addition, in this work, the one-dimensional parame-
terization is extended by a fourth design variable, which in-
dependently adjusts the stiffness properties in the edgewise
and flapwise directions of the rotor blade, allowing for a dis-
tinct consideration of both directions. Secondly, the parame-
terization of a two-dimensional damage distribution function
for the model updating using a more detailed shell model of
the rotor blade is introduced. This configuration is based on
five design variables and allows for damage identification in
the longitudinal direction and circumferential direction.

2.1.1 One-dimensional damage distribution function —
three design variables

The one-dimensional damage distribution function is defined
along a single control variable, specifically the length L of
the beam model representing the rotor blade. It can be de-
scribed by the three design variables,

xip=(ur or Dip)'. “4)

In the design variable vector x|p; (1, represents the geomet-
ric position of the distribution function’s center point along
the length; o7 represents the width of the spatial distribu-
tion, i.e., the extent of the damage; and Dp represents the
intensity of the damage. In this case, the damage intensity is
defined as the area under the Gaussian-shaped spatial distri-
bution function defined by 1 and oy .

The calculation of the stiffness scaling factors 01p x for
each FE with a corresponding length /i is based on the for-
mulation of a probability density function f (cLx | nr,oL)
calculated along the control variable ¢ ; and truncated to the
interval 0 <cp x < L:

flerxl e or)
Iy

The stiffness scaling factors are evaluated at the center of
each beam element length /5. More detailed information re-
garding the one-dimensional damage distribution function
parameterized by three design variables is given in Wolniak
et al. (2023).

Oipx=1—Dip L with k € [1, Ng]l. (5)

2.1.2 One-dimensional damage distribution function —
four design variables

By introducing a fourth design variable, A € [0, 1], the above-
described one-dimensional damage distribution function is
extended so that it can alter the stiffness properties in flap-
wise and edgewise directions separately. Therefore, instead
of changing the initial Young’s modulus Ey of each FE,
which alters each element stiffness altogether, the initial mo-
ments of inertia I, o and Iy, o in flapwise and edgewise di-
rections and the initial moment of deviation Iy o are updated
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separately from each other in an equivalent way to Eq. (3):

Lix ok Lix 0k Oxx, 1D,k
Iyy,@,k = Iyy,O,k o 9)7y,lD,k
Ixy,@,k Ixy,O,k exy,lD,k
with k € [1, Ng]. 6)

The calculation of the stiffness scaling factors 61p x for
each of the three moments of inertia follows a similar ap-
proach to Eq. (5), except that the damage intensity Dip is
scaled by different factors Ay, Ayy, and Ayy:

Oxx, 1D,k Axx f(c
1D, Lkl ML, oL
Oyy,ipk |=1-Dip (A | L —( ] )
ny,lD,k )\xy k
with k € [1, Nep], @)

whereby these different factors are defined based on the
fourth design variable A:

horx A
Ay | =] 1-2 with 1 € [0, 1]. (8)
Axy NZXCEN

The presented formulation allows the single design variable
A to capture the trade-off between edgewise and flapwise
stiffness. In addition, the total stiffness alteration applied
in the different lateral directions of the structure remains
proportional to the damage intensity Dip, which is deter-
mined and adjusted by the employed optimization algorithm.
Consequently, the progression of the model-updating proce-
dure mirrors that of utilizing only three design variables (cf.
Sect. 2.1.1), with the added ability to introduce damage sep-
arately in the two lateral directions.

For the calculation of the scaling factor Ay, it is assumed
that the structural stiffness undergoes an affine transforma-
tion characterized by independent scaling along the two lat-
eral axes (Timoshenko and Gere, 2012). This preserves the
overall shape of the stiffness distribution while modifying its
extents along the x (i.e., flapwise) and y (i.e., edgewise) axes.
As a result, the scaling factor for the moment of deviation
(also referred to as the product of inertia), Iyy, can be de-
rived as the geometric mean of the scaling factors for I, and

Iyyiie., Ay = /Aaxhyy = /AT =1).

2.1.3 Two-dimensional damage distribution function —
five design variables

Using the shell model as a representation of the rotor blade, a
parameterization of the damage distribution function along a
single control variable, i.e., the length L of the rotor blade, is
no longer sufficient. The parameterization has to be extended
to a second control variable, meaning the perimeter P of the
rotor blade. As a result, a two-dimensional damage distribu-
tion function is defined on the surface of the shell model, and
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the design variable vector describing this two-dimensional
damage distribution function is extended to five entries:

xp=(ur oL pwp op Dip)'. &)

As the damage distribution function is now bell-shaped, its
center point is described by the two geometric positions (i,
and p p along the length and the perimeter of the rotor blade,
respectively:

Bap = (Zi ) (10)

As the blade’s perimeter changes along its length, the design
variable p is normalized to values between —0.5 < up <
0.5, whereby the value O corresponds to the leading edge
(LE) and the values —0.5 and 0.5 correspond to the trailing
edge (TE) of the rotor blade. The damage extent is charac-
terized by o7 and op, making up the covariance matrix of a
two-dimensional Gaussian distribution function:

T = (%L 0‘; ) (11)

The off-diagonal terms are set to zero for the application con-
sidered. This leads to a distribution function that can be circu-
lar or elliptical but is restricted to having no inclination. The
design variable op is normalized in the same manner as up.
The damage intensity D;p is defined similarly to the one-
dimensional formulation as the area under the (bell-shaped)
two-dimensional Gaussian distribution function.

For the two-dimensional application, the calculation of
the stiffness scaling factors 6,p ; for each FE with a corre-
sponding area ay, is based on the formulation of a probability
density function f(ck | #op, X2op) evaluated along the two-

. . . T
dimensional control variable ¢; = (cL,k cP,k) :

Sfek | pop, X2p)
a

6k =1-Dyp A with k € [1, Nei]. (12)
The two-dimensional control variable ¢, is truncated to 0 <
cr.k < L along the blade’s length and to —0.5 < cp <0.5
along the normalized perimeter of the blade. A denotes the
total area (surface) of the rotor blade. Similar to the evalu-
ation of the one-dimensional damage distribution function,
the stiffness scaling factors are evaluated at the centroid of
each shell element area ay.

2.2 Objective function formulation — sample-based
deterministic model updating

As uncertainty is inevitable in real-world model-updating
applications, the formulation of the model-updating prob-
lem is uncertain as well. To tackle the issue of input uncer-
tainty propagation within the model-updating procedure, the
authors recently introduced the sample-based deterministic
model-updating (SDMU) approach (Wolniak et al., 2025a).
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The key idea behind the SDMU approach is to exclude the
input uncertainty from the design-variable-dependent part
of the objective function formulation, i.e., from the actual
model-updating procedure. Instead, the input uncertainty is
incorporated indirectly by generating multiple discrete input
samples. Following the sample provision, a fully determinis-
tic model-updating procedure using a numerical optimization
algorithm is executed based on each input sample. Thus, mul-
tiple deterministic model-updating procedures are performed
based on the input samples.

Due to the separation of the input uncertainty incorpo-
ration and the model-updating procedure, both the type of
sample provision and the choice of the optimization algo-
rithm are arbitrary. This interchangeability allows the ap-
proach to be fully adaptable to the specific problem at hand.
Consequently, the SDMU approach can be realized to deliver
fully reproducible results, which is also applied within this
work. Therefore, the global deterministic optimization algo-
rithm global pattern search (GPS) (Hofmeister et al., 2019)
is chosen. As the two modal parameter eigenfrequencies f
and eigenmodes ¢ are considered to be the two objectives
for the model-updating procedure of the large-scale rotor
blade, multi-objective optimization is required. Hence, the
multi-objective extension of the deterministic optimization
algorithm is utilized, namely the multi-objective global pat-
tern search (MO-GPS) (Giinther et al., 2025). Accordingly,
the present work employs a fully deterministic SDMU real-
ization for the damage identification on the laboratory rotor
blade.

Regarding the sample provision used in this work, the
available measurement data were segmented into a num-
ber of Ny datasets. For each dataset, the eigenfrequency
and eigenmode mean values were identified using BayOMA.
Subsequently, these Nges datasets for each considered ref-
erence state and analysis state were cross-combined, result-
ing in a total number of stets model-updating scenarios for
each combination of reference and analysis state. After ap-
plying this specific sample provision, a resulting number
of N2, modal parameter samples fy ;s and OM.i s With
i €[1, Nmodes] and s € [l,stetS] represent the input sam-
ples for each subsequent deterministic model-updating pro-
cedure. The subscript M denotes measured data, and i de-
notes the mode index, whereby Npodes i the number of
modes investigated, and s is the sample number. As a result,
the two objective functions are each vectors with N2, en-
tries, the first comprising the mean squared eigenfrequency
error € 7,; and the second comprising the mean squared eigen-
mode error g s:

e |1 .v,,,(,m(_fSA.,(x'—/SR, i — ki )2
mmf\/ F—— p i ey o

&;(x) =

1

R X (N

with s € [1, N2, ). i €1, Nmodes ], € [1, Nuensors - (1 3)

‘ Zh (@5r0 ) = 95m01) = (Ortawis — Ovirais))’

The subscript M indicates a measured quantity, whereas sim-
ulated modal parameters are denoted by the subscript S. The
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subscripts R and A indicate the reference state and analy-
sis state, respectively. The presented definition of the two
objective functions was introduced by Ragnitz et al. (2025)
for damage localization on the LUMO benchmark struc-
ture (Wernitz et al., 2022) using a stochastic multi-objective
model-updating approach. Both objective functions are based
on a relative formulation, which takes into account a possi-
ble constant discrepancy between the simulated and identi-
fied responses for both the analysis and the reference states
of the examined structure. The goal is to obtain a numeri-
cally efficient, well-formulated optimization problem, which
can handle irreducible modeling errors.

One way the N2 two-objective functions &(x) can be
handled is by performing independent model-updating pro-
cedures on each of the two-objective functions. However, for
high sample numbers and more complex numerical models,
this approach will eventually become very expensive in terms
of computing time. This is why the use of a meta-model is
proposed, whereby the process of setting up and integrat-
ing a considered meta-model is incorporated into the SDMU
approach and is referred to as metaSDMU (Wolniak et al.,
2025a). The objective is to derive a meta-model using a sin-
gle representative deterministic model-updating procedure in
order to generate a sampling pattern within the design vari-
able space, which is dense in the area where the solution(s)
are expected. The design variable samples generated during
this optimization procedure and the corresponding objective
function values calculated provide the training data for the
two meta-models — one meta-model for each input, i.e., each
modal parameter. Subsequently, these meta-models replace
the actual numerical model such that

Simeta,s,i (X) X fs.i(x) and @en 5 ;(X) X @g ;(x)
with i € [1 s Nmodes] (14)

holds true for each (simulated) eigenfrequency fs; and
eigenmode @g ;.

This way, the potentially computationally expensive
model evaluations required in every iteration step only have
to be performed during one model-updating procedure. For
all other samples, the model updating with consideration of
input uncertainty (cf. Eq. 13) is performed using the meta-
models, which are computationally much more efficient.
More detailed information regarding the (meta)SDMU ap-
proach is given in Wolniak et al. (2025a).

For the visualization of the results, cumulative distribution
functions (CDFs) are utilized. In this context, a CDF is calcu-
lated based on all Pareto-efficient solutions calculated during
an SDMU procedure. Following Ragnitz et al. (2025), this
means that for the number of N2, model-updating scenarios
used as input samples in this work, a set of Pareto-efficient
solutions f(s exists for each of these individual model-
updating scenarios. Consequently, each Pareto-efficient so-
lution set contains an individual number of |?S| (optimal)
design variables x,; with s € [1, NZ Jand!l e€[l, |Ys|]. The

sets
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empirical probability p(x,;) of a Pareto-efficient solution
x,, for a singular input set can be determined as

~ -1 ~
p(xs )= (stetleﬂ) forall xs; € Y;

¥,

-1
= Zp(xs,l) = <stets)
=1

with s € [1, N2 1.1 € [1, [Y;]]. 15)
Due to the deterministic properties of the MO-GPS optimiza-
tion algorithm utilized in this work, a given design variable
X, 1s often among the Pareto-efficient solutions for several
model-updating scenarios. Hence, the total probability of an
optimal design variable x* is given as the sum

N2, Y,
) = Z‘:l Lo for x;; # x*
(N2 IYsD™! forx,; =x*

s=11=1 e

with s € [1, N2 1.7 € [1, [Y,]1. (16)

By evaluating the probability of every (optimal) design vari-
able x* being Pareto efficient for at least one model-updating
scenario, the empirical probability distribution function and,
based on this, also the CDF can be approximated.

In general, a CDF provides a comprehensive and complete
representation of how probabilities are distributed across the
range of the considered (design) variable without discretiza-
tion bias, i.e., the choice of bin sizes and locations. A notable
feature of CDFs is the rate at which they increase. A steep
section in a CDF indicates a rapid accumulation of proba-
bility over a small range of values. This indicates that a sig-
nificant portion of the data points are concentrated around
that region. Consequently, the probability density function
(PDF), which is the derivative of the CDF, will be high in
this area, pointing to a high density of occurrences.

3 Rotor blade fatigue test

The large-scale destructive rotor blade fatigue test was car-
ried out on a 31 m wind turbine rotor blade. The blade was
manufactured by the Fraunhofer Institute for Wind Energy
Systems (Fraunhofer IWES), and the fatigue test took place
in one of their test facilities in Bremerhaven, Germany. Due
to the stationary laboratory conditions, no significant varia-
tions in temperature, humidity, or other environmental fac-
tors were present during the experiment. The fatigue test was
carried out by Fraunhofer IWES, while the setup of the mea-
surement system, the data acquisition, and the subsequent
operational modal analysis were conducted by the authors
of this work.

During the test, the blade was bolted to an adapter plate
with the suction side facing downwards. Figure 1 shows the
suspended laboratory rotor blade from different perspectives.
Four load shears were mounted on the blade to apply the load
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Figure 1. Suspended rotor blade in the test facility in Bremerhaven.
(a) Pressure side. (b) Suction side.

Table 1. Load shear positions and masses.

Load shear  Longitudinal position =~ Mass

inm inkg
1 9 3674
2 15 608
3 20 176
4 29 92

and introduce a controllable bending moment. The longitu-
dinal positions and masses of the four load shears are listed
in Table 1.

A total of 34 integrated electronics piezo-electric (IEPE)
accelerometers with a dynamic range of £100ms~2 were
mounted on the pressure side (facing upwards) of the rotor
blade. These accelerometers contain an internal charge am-
plifier, providing a voltage output proportional to accelera-
tion, which enables high-sensitivity vibration measurements
with low signal degradation over long cables. The sensors
were placed every 3 m along the center line and the TE of
the blade, as shown in Fig. la. Two accelerometers each
were fixed at each sensor position at a 90° angle to each
other in order to measure the flapwise and edgewise direc-
tions separately. Figure 2 shows an example sensor setup,
and in Table 2, the longitudinal sensor positions are listed.
As the cross-section of the rotor blade gradually tapers along
the blade length, 10 sensor positions were located along the
center line, and 7 sensor positions were located along the TE.

The fatigue load was introduced by a hydraulic cylinder
connected to the second load shear at blade length L = 15m.
The periodic excitation was carried out in edgewise direction
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Table 2. Sensor positions.

M. Wolniak et al.: Damage identification on a large-scale wind turbine rotor blade

Longitudinal position 4 7 10
from blade root in m

13 16 19 22 25 28 31

Center line X X X
Trailing edge X X X

Figure 2. Example sensor setup with two accelerometers at a 90°
angle.

close to the rotor blade’s first eigenfrequency in this direction
using a frequency of 1.59 Hz. The following fatigue load lev-
els (FLLs) were set during the course of the rotor blade fa-
tigue test:

— FLL 1 — 240000 cycles with 1700ue (measured at
L=12m)

— FLL 2 — &~ 425000 cycles with 1900pt& (measured at
L=12m)

— FLL 3 — =~ 11000 cycles with £2000ue (measured at
L =6m).

The amplitude of the hydraulic cylinder’s motion was ini-
tially selected so that a material strain of £1700e was mea-
sured at the TE of the blade at L = 12 m using strain gauges.
This load level was increased subsequently, and after approx-
imately 11000 cycles of the final FLL 3, the test was termi-
nated due to the growth of a structurally critical crack at the
LE, which most likely occurred due to fiber failure.

For the analysis of the different rotor blade states in be-
tween and after the application of the FLLs, dynamic tests
were performed. These tests were carried out using dynamic
shaker excitations, during which the rotor blade was decou-
pled from the hydraulic cylinder unit so that its motion was
free of this constraint. The shaker was connected to load
shear 2 at L = 15 m. Each excitation was carried out in the
edgewise direction using broadband white noise and lasted
approximately 20 min. Table 3 provides an overview of the

Wind Energ. Sci., 11, 1227-1249, 2026

Figure 3. Vertical cracks across the TE traced out in red for state I
and in green for state II.

Figure 4. Crack across the LE at L = 8 m in state III. (a) Zoomed
out. (b) Zoomed in.

rotor blade states together with a description of the corre-
sponding rotor blade’s condition with respect to structural
integrity. Figures 3 and 4 show photographs of the described
fatigue cracks that occurred during the course of the test.

3.1 Operational modal analysis

In this work, Bayesian operational modal analysis (Bay-
OMA) (Au et al., 2013) is utilized for the identification of the
modal parameters from the measurement data of the dynamic
tests under broadband white noise excitation. The in-house
implementation of the BayOMA was developed in MAT-
LAB programming syntax and strictly follows the method-
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Table 3. Analysis states of the laboratory rotor blade to which shaker excitations were applied.

State  Date Fatigue load level (FLL)  Description
(mm/dd/yyyy)
1 04/22/2021 State after FLL 1 Vertical cracks across the TE
I 04/26/2021 State after FLL 2 More vertical cracks across the TE
III 04/29/2021 State after FLL 3 Crack across the LE at L =8 m

ology described in detail in Au et al. (2013) and Au (2017).
To ensure correctness and reproducibility of the implemen-
tation, the developed code has been thoroughly tested and
compared with the established covariance-driven stochastic
subspace identification (SSI-COV) (Jonscher et al., 2023).

During the measurements, the sampling rate was set to
100 Hz. Figure 5 illustrates the frequency spectrum includ-
ing the first Npodes = 5 eigenfrequencies of an example ac-
celeration time period of the large-scale rotor blade recorded
in state I. The frequency ranges farea,; per eigenfrequency
i €[1, Nmodes] utilized for the BayOMA are highlighted.

To visualize the stability and consistency of the recorded
measurement data over time, the measurement data were
segmented into a number of datasets Nges. The evaluation
time period was set to Tgaa =400s, and a moving win-
dow with an overlap of Toyerlap = 385 s was applied. For ap-
proximately 20 min = 1200 s total measurement time, this re-
sults in Ngets = 53 datasets. For each dataset, BayOMA was
applied, resulting in 53 outputs which comprise the mean
value and standard deviation of each eigenfrequency and
the mean value and covariance matrix of each eigenmode.
Figure 6 shows box plots of all eigenfrequency mean val-
ues ?M, j identified from all 53 measurement datasets in
the three different rotor blade states with i € [1, Nyodes] and
J € [1, Nets].

First of all, this analysis reveals that the interquartile
ranges of the eigenfrequency mean values fM’i remain stable
for each observed rotor blade state. This indicates consistent
measurements with no significant fluctuations or outliers due
to the stationary laboratory conditions.

Looking more closely at the variation in the mean values
of the five different eigenfrequencies across all states, it is
clear that the eigenfrequencies f'M,l and f'M,3, correspond-
ing to flapwise bending mode shapes, are not significantly
influenced by the damage that occurred during the fatigue
test. In contrast, eigenfrequencies fy 2, f4, and fyr s ex-
hibit a gradual reduction in magnitude, whereby the second
and fourth eigenfrequencies correspond to edgewise bending
mode shapes. The relative deviations of the first five eigen-
frequencies between states I and III range from 0.02% to
0.6 %.

The measured acceleration time series together with the
BayOMA results of the three rotor blade states are published
as open-access resources alongside this work within the pub-
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lic data repository of Leibniz University Hanover (Wolniak
et al., 2025b).

3.2 Finite-element models

As both production and testing were carried out by Fraun-
hofer IWES, an outstanding feature of this rotor blade fatigue
test was the complete documentation of the manufacturing
process in addition to material and geometric data. Based
on this detailed information, two different finite-element
(FE) models were developed and employed for the model-
updating procedures presented in this work. The simulations
were performed using the FE analysis software Abaqus. Both
numerical models are illustrated in Fig. 7, and summarized
information regarding the element types, number of FEs, and
the computing time for the modal analysis is given in Table 4.
Here, the computing time comprises the setup of the model
itself (i.e., the input file) and the modal analysis.

Firstly, a beam model was created based on the avail-
able cross-sectional characteristics of the rotor blade. Two-
node linear beam elements, available in Abaqus as B31 el-
ements, are selected, whereby a total of 251 beam elements
are utilized. The B31 elements are based on the Timoshenko
beam theory, allowing the representation of bending, axial,
and torsional deformations along the beam axis. The vary-
ing sectional properties were assigned to the beam elements
using general cross-sectional parameters. The load shears
were simplified as point masses according to the information
listed in Table 1 and assigned to the structure using concen-
trated mass elements in Abaqus. As the model-updating pro-
cedure applied in this work is based on the first five eigenfre-
quencies and corresponding eigenmodes, which are predom-
inantly bending dominated, the rotational inertias of the load
shears are not included. However, it should be noted that a
more detailed representation of the load shears including the
moments of inertia becomes increasingly relevant when tor-
sional and higher-order modes are taken into account, which
are not explicitly targeted in this work.

Secondly, a detailed shell model was set up based on the
geometric data and composite layup available from the man-
ufacturing process documentation. For this numerical model,
S3R (three-node triangular) and S4R (four-node quadrilat-
eral) shell elements with reduced integration were utilized.
These elements efficiently capture bending, membrane, and
transverse shear behavior, making them suitable for model-
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Figure 5. Frequency spectrum of the acceleration measurement in state I subject to broadband white noise excitation. The frequency ranges
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Figure 6. Box plots of the first five eigenfrequency mean values (a) TMJ to (e) TM) 5 of the rotor blade identified for each dataset in the
three different analysis states using BayOMA. Box plot definitions: median (red line), interquartile range (blue box), extreme values (black
whiskers), and outliers (red markers). Green crosses indicate the eigenfrequencies identified for dataset 9.

ing thin to moderately thick shell structures. The load shears
were modeled in detail using C3D4 tetrahedral solid ele-
ments and were included in all subsequent calculations, as
they were attached during the whole experiment. In total, the
shell model comprises approximately 310 000 FEs, of which
around 81 700 are shell elements.

A comparison of the first five eigenfrequencies obtained
from the beam model (fs Beam,;) and the shell model
(fs.shell,i) 1s provided in Table 5. For an additional compari-
son between the numerical results and the modal parameters
identified from the measurement data, the median eigenfre-
quencies fM,L,- computed from all mean eigenfrequencies in
state I (cf. Fig. 6) are listed in Table 5. For a comparison of
the corresponding eigenmodes, the modal assurance criterion
(MAC) defined by Pastor et al. (2012),

0To, |’

MAC(¢1,9;) = ——F+>
T (0Te)) (97 9,)

a7

is evaluated between the respective eigenmodes and included
in Table 5. The MAC quantifies the similarity between two
(eigenmode) vectors, returning a value of 1 for linearly de-
pendent vectors and O for linearly independent ones. In ad-
dition, a visual comparison of the eigenmodes of the beam
and shell models and the eigenmodes identified from the
measurement data is provided in Fig. 8. Again, the “mea-
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sured” eigenmodes are represented using the median value
computed from all mean eigenmodes identified in state L.

4 Results

The following subsections present the results of the SDMU
approach, applied using the three different design variable
configurations (cf. Sect. 2.1.1, 2.1.2, and 2.1.3) with the ob-
jective of identifying damage in the considered laboratory
rotor blade. For this purpose, all available rotor blade states
listed in Table 3 are considered and systematically combined,
yielding a total of six different state combinations. These
combinations are summarized in Table 6, whereby the com-
binations along the diagonal represent self-comparisons of
identical states.

In this work, the SDMU approach is applied to three dif-
ferent design variable configurations, which feature differ-
ent numbers of design variables Npys, each defining a dam-
age distribution function. These configurations are associated
with the two numerical models of different levels of detail.
The upper and lower bounds xp and xy, and physical units
used for each design variable configuration are listed in Ta-
ble 7, with the bounds of the three design variables, wur,
or, and D, shared by all three design variable configura-
tions, chosen to be identical. Regarding the design variable
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Figure 7. FE models of the 31 m wind turbine rotor blade. (a) Beam model. (b) Shell model.

Table 4. Information regarding the two FE models utilized for the model updating of the laboratory rotor blade.

FE model Element notation ~ Representation Number of  Computing time for
in Abaqus of the load shears FEs the modal analysis
Beam model B31 Simplified using 251 0.3 min
point masses (MASS)

Shell model S3R, S4R

Detailed using

310000 8 min

solid elements (C3D4)

oL, the lower bound was selected to ensure consistency with
the smallest FE length in both FE models.

To summarize and visualize the workflow, a schematic
overview is provided in Fig. 9. The workflow begins with
the data acquisition and subsequent data preparation, includ-
ing the aforementioned segmentation of the recorded accel-
eration time series into Nges datasets per rotor blade state.
Following this, the BayOMA is performed for each dataset.
Fast Fourier transform (FFT) is utilized to determine the
initial values for the first tracked Npodes = 5 eigenfrequen-
cies fum,i,j and eigenmodes @y ;. j with i € [1, Nmodes] and
J €11, Ngeis]- The first five eigenfrequencies and eigenmodes
were selected because they could be reliably identified from
the measurement data and reproduced with sufficient accu-
racy by both numerical models, which constitute fundamen-
tal prerequisites for a robust model-updating procedure. To
ensure consistency and comparability across the performed
model-updating procedures, the same set of modal param-
eters was employed for all rotor blade state combinations.
Within the BayOMA, the optimization is conducted using
a local optimization algorithm, more particularly, the MAT-
LAB function fminsearch. The objective function is the neg-
ative log-likelihood function (NLLF), typically utilized in a
Bayesian framework (Au, 2017). In addition, the frequency
ranges farea; (cf. Fig. 5) are selected to be constant through-
out all BayOMA applications.

The outputs of all BayOMA applications are the most
probable values (i.e., the mean values) of each eigenfre-
quency ?M ;,j and eigenmode @y ; ; and represent the input
for the subsequent SDMU procedure. For the sample pro-
vision within the SDMU procedure, these Ngeis = 53 modal
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parameter mean values identified for each reference and anal-
ysis (i.e., target) state are cross-combined using the Cartesian
product. This results in a total of N2, = 2809 input samples
and, consequently, in the same number of N2, two-objective
functions (cf. Eq. 13). The numerical optimization is carried
out using the deterministic MO-GPS algorithm. Finally, cu-
mulative distribution functions are calculated for each design
variable based on all Pareto-efficient solutions obtained dur-
ing an SDMU procedure (cf. Sect. 2.2).

The intent of using the cross-combination strategy, rather
than an explicit sampling method, is to demonstrate that the
SDMU approach can be applied independently of prior as-
sumptions about the probability distribution of the input data.
In this way, the method operates directly on discrete input re-
alizations without requiring an explicit sampling procedure.
Consequently, the generated sample set inherently reflects
the frequentist uncertainty associated with the measurement
and modal identification process. In this context, however,
using cross-combination assumes that all modal parameters
identified using BayOMA represent statistically independent
and equally probable input samples for the numerical op-
timization. While this assumption allows for a straightfor-
ward and computationally efficient propagation of input un-
certainty, it does not strictly correspond to sampling from
a Bayesian posterior distribution and may lead to a conser-
vative estimation of the resulting variance. As the measure-
ment conditions were stationary, i.e., no significant varia-
tions in temperature, humidity, or other environmental fac-
tors occurred during the rotor blade fatigue test due to the
laboratory environment, this assumption is considered rea-
sonably well satisfied. Alternative strategies, such as Monte

Wind Energ. Sci., 11, 1227-1249, 2026
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Table 5. Comparison of the first five modal parameters obtained from the beam and shell models and identified from the measurement data

in state L.
Modal parameter Equation Model Mode2 Mode3 Moded4 Mode5
fS,Beam,i in Hz 1.020 1.870 2.791 4.741 5.692
fs,shell,i in Hz 1.034 1.759 2.738 4.301 5.073
fm,1,; in Hz 0.952 1.705 2.601 4371 5.059
MAC(¢s Beam,i» S, Shell, i) 17 0.998 0.758 0.974 0.659 0.936
MAC(@m,1,i> Ps,Beam, i) 17 0.989 0.814 0.959 0.653 0.924
MAC(@M,1,i - @S shell,i) 17 0.990 0.991 0.987 0.989 0.990

_ |~ Initial state
“=©-Beam model
——Shell model
Measurement

(@)

(e)

Figure 8. Comparison of the first five eigenmodes. Nos. (a) 1 to (e) 5 obtained from the beam and shell models and identified from the

measurement data in state I.

Table 6. Rotor blade state combinations considered for the damage
identification using the SDMU approach.

StateI  State I  State III
State 1 I-1 I-I1I I-11T
State 11 1I-11 II-11
State III TI-I11

Carlo sampling from the BayOMA posterior or a sample
provision based on the variance estimates provided by Bay-
OMA, could provide a more rigorous probabilistic treatment
of the input uncertainty. In particular, for applications involv-
ing significant environmental or operational variations, the
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present cross-combination strategy would no longer be suf-
ficient, and an alternative sample provision approach would
be required to account for the additional sources of input un-
certainty.

4.1 Model-updating results using the beam model

To begin with, the damage identification results obtained us-
ing the beam model of the rotor blade are presented for the
three- and four-dimensional design variable configurations,
as introduced in Sect. 2.1.1 and 2.1.2, respectively. Before
the application of the SDMU approach, preliminary studies
are conducted to determine suitable settings for the input data
and optimization algorithm hyperparameters. These studies
are carried out using the three-dimensional design variable
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Table 7. Upper and lower bounds for the different design variable configurations.

FE model Npys  Units x X1b Xub
m wr 0 31
Beam model 3 m or, 0.001 2
- Dip —0.02 0.02
m 1258 0 31
m or, 0.001 2
Beam model 4 - Dip —0.02 0.02
A 0 1
m 1258 0 31
m or 0.001 2
Shell model 5 - uwp -0.5 0.5
- op 0.01 0.3
- Dop —0.02 0.02
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Figure 9. Workflow from data acquisition to final results.
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parameterization defined for the beam model with upper and
lower bounds according to Table 7.

411 Settings

The first step of the SDMU approach is a single determinis-
tic model-updating run using the numerical model — in this
case, the beam model of the rotor blade. The resulting sam-
ples and corresponding modal parameters serve as the input
data for the subsequent meta-model setup. Therefore, appro-
priate settings have to be defined for this initial determinis-
tic model-updating run, forming the basis of the subsequent
(meta)SDMU procedure.

Regarding the utilized MO-GPS optimization algorithm,
two hyperparameters exist, namely the maximum number
of objective function evaluations Neyas and the algorithm-
specific number of tracked globally best coordinates T
(Hofmeister et al., 2019). To evaluate which settings of Neyals
and T are suitable, a convergence study is set up. To this
end, a set of Mg = 500 design variable samples is randomly
generated in the design variable space (cf. Table 7), and
the corresponding modal parameters are calculated using the
beam model. These results are utilized as test data to evalu-
ate each meta-model, set up using different combinations of
Nevals and T. The evaluation of each combination is calcu-
lated using the root mean squared error (RMSE) of the first
Nmodes = 5 eigenfrequencies, normalized by their respective
value ranges:

Emeta, f; =

1y (fmeta,s,i(xlD,s) - fS,i(xlD,s)>2
Neest o) fS,i,max(xlD) - fS,i,min(xlD)
with i € [1, Nmodes], § € [1, Neest. (18)
Figure 10 shows an example heat map for the relative
eigenfrequency error €meta, s;- The errors of the remain-

ing eigenfrequencies are of similar magnitude. Notably, the
meta-model error remains consistently low for 7 > 200 and
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Figure 10. Evaluation of each meta-model set up using different
combinations of Ngy,1s and 7. Surface colored according to the er-
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Nevals > 2000. However, the minimum error is obtained for
T =200 and Neyas = 5000, which are therefore selected as
the hyperparameter settings for the model-updating run used
to populate the meta-model. Table 8 gives an overview of the
different tasks performed during the SDMU procedure and
the selected hyperparameter settings, in addition to a sum-
mary of the utilized model and the selected necessary model
evaluations. A specific value for the computational time is
not reported, as it strongly depends on several factors, such
as the parallelization strategy, the employed hardware, the
implementation of the optimization algorithm, and the model
complexity. The computational time for a modal analysis us-
ing the different FE models is listed in Table 4.

For the initial deterministic model-updating run, only a
single set of modal parameters can be used as input in the
objective functions (cf. Eq. 13). As discussed in Sect. 3.1,
the measurements show a high level of consistency without
significant fluctuations or outliers. Consequently, the specific
choice of the modal parameters used as input for the initial
model-updating run is not critical. In this work, the modal pa-
rameters identified from the measurement data after a 2 min
settling time are selected, corresponding to dataset number 9.
The corresponding eigenfrequency mean values are marked
in Fig. 6 with green crosses.

To verify that this set of modal parameters is indeed rep-
resentative, model-updating runs with 7 = 200 and Neya1s =
5000 are performed for all available datasets, shown as an
example for combination I-III (cf. Table 6). In this con-
text, a one-to-one mapping is employed. Figure 11 shows all
Ngets = 53 resulting CDFs for the three design variables. The
results demonstrate that the choice of the input dataset has no
significant effect on the model-updating results, confirming
that the chosen dataset 9 (highlighted in green) is represen-
tative. Consequently, j =9 is selected for both rotor blade
states to be compared, resulting in s = 433 used in Eq. (13)
for evaluating the two objective functions within the deter-
ministic model-updating runs.
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Figure 11. Resulting CDFs of the deterministic model-updating
procedures for combination I-III based on the modal parameters
of all datasets. The results for dataset 9 are highlighted in green.

4.1.2 Results for three design variables

This section presents the results obtained with the
(meta)SDMU approach using the three-dimensional design
variable configuration, which defines the one-dimensional
damage distribution function applied to the beam model. For
each state combination, the design variable samples and cor-
responding eigenfrequencies and eigenmodes from the ini-
tial deterministic model-updating runs serve as input for the
meta-models, using the hyperparameter settings determined
previously. Based on these meta-models and by applying
Eq. (14), the metaSDMU procedure is carried out. As noted
earlier, the Nges = 53 identified eigenfrequency and eigen-
mode mean values constitute the input samples and are cross-
combined. This results in N2, = 2809 two-objective func-
tions, forming the basis of 2809 model-updating runs per
combination, all of which are based on the corresponding
meta-models.

Figure 12 shows the resulting CDFs for each design vari-
able of each combination. The CDFs are derived from all
optimal design variables obtained in the course of all N2
model-updating runs. For the combinations I-III and II-I1I,
where state III represents the target state with the emerged
crack at the TE of the rotor blade, the correct crack loca-
tion and extent are highlighted in addition to the results for
the design variables p; and op. The crack extends longi-
tudinally from @y =7.5m — 8.5 m, yielding a correct dam-
age width of 1 m. Using the basis of a Gaussian distribu-
tion function as spatial profile, u; and oy, describe the ge-
ometric extent of the stiffness reduction (cf. Sect. 2.1.1).
According to the definition of a Gaussian distribution func-
tion, the interval p 7 1oy, represents the region that contains
approximately 68 % of the area under the spatial stiffness-
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Table 8. Settings for the SDMU procedure.

Task Equation Settings Utilized model = Model evaluations
Set up meta-model 13, s =433 Neyals = 5000  FE model 5000
T =200

MetaSDMU 13,5 € [1, N2]

!

Nevals = 5000  Meta-model
T =20

5000 x N2

sets

reduction profile, whereas p; =+ 207, corresponds to roughly
95 %. Consequently, 207 is associated with the correct dam-
age extent of £0.5m = I m, resulting in a correct value for
lor = 0.25 m. Both values are highlighted in Fig. 12b. For
the self-combinations I-1, II-II, and III-III, the known zero-
damage intensity is highlighted in addition to the design vari-
able Dip. Moreover, the red crosses indicate a representa-
tive optimal design variable vector x 1p optimal that is selected
from the CDFs such that the first design variable, the dam-
age position pp , is set to its median value (i1, defined as the
50 % value of the corresponding CDF.

Starting with combinations I-I, II-II, and II-III, where
each state is compared with itself, the model-updating re-
sults are expected to reflect the absence of damage. The cor-
responding CDFs of the damage intensity Dip, shown in
Fig. 12c, are nearly identical, with Dip = 0 being the most
probable outcome for all three self-comparisons. The results
for design variable p;, shown in Fig. 12a, are also simi-
lar to each other, showing a sample distribution across the
entire design variable space without clear probability clus-
ters. Likewise, the longitudinal damage extent o7, shown in
Fig. 12b, exhibits a similar pattern, with a slightly steeper
slope for o7 < 0.5. Although the damage position and ex-
tent are not directly relevant when the damage intensity is
zero, the lack of convergence in py further confirms that
no damage is present when these states are compared with
themselves. In summary, with D1p = 0 as the most probable
solution, the results for combinations I-I, II-II, and III-III
consistently and correctly indicate that no damage is present
in the rotor blade for these self-comparisons.

For combination I-II, comparing reference state 1 with
analysis state II, no distinct damage position is apparent, as
the design variable p; remains distributed across the de-
sign variable space. A similar pattern is observed for o,
again with a slightly steeper increase in the CDF for o} <
0.5. However, the damage intensity Dp shifts slightly from
Dip =0 to Dip = 0.002 (cf. Fig. 12c). This indicates that
damage has occurred, but no distinct position can be de-
termined. This outcome is consistent with the target rotor
blade state II, where numerous small vertical cracks appeared
along the TE (cf. Fig. 3). Consequently, no single location is
severely damaged; instead, the stiffness of the rotor blade is
slightly reduced along the entire blade length due to these
minor cracks.

https://doi.org/10.5194/wes-11-1227-2026

Examining combinations I-III and II-III, where state III
represents the target state with the most severe damage, the
optimal damage intensity shifts to Dip =~ 0.005. This pos-
itive value corresponds to a stiffness reduction in the rotor
blade beam model according to the applied one-dimensional
damage distribution function. In this context, it should be
noted that the design variable D does not possess a direct
physical interpretation in the same sense as the design vari-
ables uy and or. Rather, it represents a phenomenological
stiffness alteration within the numerical model, whereby a
positive value corresponds to a stiffness reduction and a neg-
ative value corresponds to a stiffness increase. As the actual
magnitude of damage is generally very difficult to quantify in
fiber-reinforced composite material, an explicit validation of
the identified value for D is not feasible for the considered ro-
tor blade fatigue test. The location of the stiffness reduction is
identified at ;7 ~ 11-12 m for both combinations, which de-
viates by approximately 3—4 m from the actual damage loca-
tion at L = 7.5-8.5 m. The results for the damage width oy,
shown in Fig. 12b, are again spread across the design variable
space. Compared to the solutions for all other combinations,
the CDFs for combinations I-III and II-III show a notice-
ably steeper slope for o7 < 0.5 m, whereby the median value
lies exactly between the 1oy and 207 values highlighted in
the figure. Consequently, this identified spatial damage ex-
tent corresponds reasonably well to the actual crack length
of approximately 1 m.

To summarize, the SDMU procedure yields very similar
results for combinations I-III and II-III, comparing states I
and II to the same target state III. Moreover, for the self-
combinations I-I, II-1I, and III-III, the model-updating pro-
cedure consistently returns zero-damage results. These find-
ings demonstrate the consistency and, consequently, the re-
liability of the applied SDMU approach, objective function
formulation, and utilized design variable configuration.

To illustrate a representative damage distribution (i.e.,
stiffness reduction) for combination I-III, an example opti-
mal design variable vector Xp, optimal i$ selected from the
CDFs such that the first design variable is set to its median
value [t . The remaining two design variables are chosen as
the optimal values corresponding to this fixed first design
variable, which, in the case of the beam model, also coin-
cide with their respective median values. In Fig. 12, the ex-
ample optimal design variable vector xp,optimal i indicated
using red crosses. The stiffness reduction resulting from
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1242 M. Wolniak et al.: Damage identification on a large-scale wind turbine rotor blade

1 1 ~_~ ~_~ ~
<05 <05 <05 o S0 o
= = 0. = Q Q Q
o I & ; f E E E
] of V. HE I
10 20 30 10 20 30 10 2() 30 051 152 051 152 0.51 1.52 002 0 .2 002 0 002 002 0 002
f, inm Hy inm wy inm o, inm o, inm o, inm lD D
WMCrack location) e Crack extent 1o, — -20 — -Damage intensity
1 1 = 1*— I
} } 8 E
= 05 = 0.5
& X §: ’-%
0 0 04 J
10 20 30 10 20 30 051152 051152 0.02 002 0 0.02
p, inm pyinm o, inm o, inm D,y D
— 1 Pt T
X -~ =) [
2 0.5/ Sos Q05
K = ol
0 0 | 0 1 |
10 20 30 051152 -0.02 0 0.02
My inm o, inm DlD
(@ (©

Figure 12. Resulting CDFs of the SDMU approach applied to the beam model using the one-dimensional damage distribution function
parameterized by the three design variables (a) iy, (b) o7, and (¢) D1p, with settings given in Table 8. The red crosses added for combination

I-1IT indicate an example optimal design variable vector.
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Figure 13. Visualization of the stiffness reduction based on
X 1D, optimal, denoted by red crosses in Fig. 12, in the beam model.
The schematic rotor blade geometry is additionally outlined.

L T I 1 I

0 5 10 15 20 25 30
Length in m

Figure 14. Visualization of the correct stiffness reduction in the
beam model. The schematic rotor blade geometry is additionally
outlined.

the one-dimensional damage distribution function based on
X 1D, optimal 18 Visualized in Fig. 13. For comparison, Fig. 14
visualizes the actual damage due to the crack that emerged at
L ~ 8 m (cf. Fig. 4). It is evident that the found optimal crack
location deviates from the correct location by approximately
3.5m.

4.1.3 Results for four design variables

The results obtained using the four-dimensional parameteri-
zation of the one-dimensional damage distribution function,
adding a separate consideration of the stiffness alterations
in flapwise and edgewise directions via the design variable
A, are generally consistent with those presented above. Fig-
ure 15 shows the resulting CDFs of all optimal design vari-
ables for the six state combinations. As before, for combina-
tions I-1IT and II-II1, the correct damage location and spatial
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extent are highlighted in addition to the results for the design
variables @ and o7. Moreover, the zero-damage results for
all three self-comparisons are highlighted in addition to the
results for the design variable Dp.

Again, the design variable Djip, shown in Fig. 15¢, re-
turns zero as the most probable outcome for all three self-
comparisons and indicates a stiffness reduction for combina-
tions I-II, I-III, and II-III. Closer examination reveals that
the stiffness reduction increases from combination I-II to I-
IIT and remains similar between combinations I-III and II-
III. This is consistent with the observations from Fig. 12c.
Similarly, the design variables w; and oy, yield comparable
results for the two design variable configurations applied to
the beam model of the laboratory rotor blade.

Regarding the definition of the fourth design variable X (cf.
Sect. 2.1.2), a value of A = 0 implies a stiffness alteration ap-
plied in the edgewise direction, and a value of A = 1 implies
a stiffness alteration applied in the flapwise direction. It is
evident from Fig. 15d that A =0 is the most probable solu-
tion for all combinations, indicating that mainly the stiffness
in the edgewise direction is reduced, given that Dp is pos-
itive. For combinations I-II, I-III, and II-III, this probabil-
ity reaches approximately 50 %, while the self-comparisons
show slightly less conclusive results.

Consequently, the separate consideration of the edgewise
and flapwise directions captures the directional effect of the
damage and provides an approximate indication of its po-
sitioning along the blade perimeter. However, the results
should not be interpreted as ideal, since even in the self-
comparison a significant probability of A =0 is observed.
Therefore, these findings should not be overemphasized. A
true assessment of directional dependence would require the
use of a shell model, which is presented in the following sub-
section.
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Figure 15. Resulting CDFs of the SDMU approach applied to the beam model using the one-dimensional damage distribution function
parameterized by the four design variables (a) wz, (b) o7, (¢) Dip, and (d) X, with settings given in Table 8.

4.2 Model updating using the shell model

Here, the damage identification results of the (meta)SDMU
approach applied to the shell model of the laboratory rotor
blade are presented. In this case, the two-dimensional dam-
age distribution function parameterized by five design vari-
ables is utilized with upper and lower bounds according to
Table 7.

In the initial deterministic model-updating run for each
combination, the same settings as listed in Table 8 are em-
ployed. Based on the samples and corresponding eigenfre-
quencies and eigenmodes, the respective meta-models are
created using the same settings as before.

Figure 16 shows the resulting CDFs obtained for each de-
sign variable of each combination. As before, these CDFs
are calculated based on all optimal design variables identi-
fied in the course of all N2, separate model-updating runs
for each input sample. For combinations I-IIT and II-III, the
correct edgewise and flapwise locations of the emerged crack
in state III are marked in gray. In addition, the 1o and 20 spa-
tial damage extents are highlighted for both directions. For
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all three self-comparisons, the zero-damage result is high-
lighted. Furthermore, the red crosses indicate a possible op-
timal design variable vector X2p, optimal for combination I-II1.

For the design variable 17, shown in Fig. 16a, combina-
tions I-1IT and II-I1II, with state III as the target state, clearly
show that the damage localization along the blade length al-
most exactly matches the correct crack position. Most opti-
mal values obtained using the shell model fall almost entirely
in the gray-shaded area, representing the true damage loca-
tion. In contrast, the results obtained using the beam model
(cf. Figs. 12a and 15a) deviate from the damage position by
approximately 3—4 m. This means that the shell model im-
proves localization accuracy along the blade length. For com-
bination II-III, the CDF also shows a short steep section at
L =8m. This indicates that the stiffness reduction has al-
ready begun at this location in state II, although it is less
distinct than in state III. For combinations I-I, II-II, and III-
III, no clear convergence of w; is observed, which is con-
sistent with the expected zero-damage result for these self-
comparisons.

Wind Energ. Sci., 11, 1227-1249, 2026
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Figure 16. Resulting CDFs of the SDMU approach applied to the shell model using the two-dimensional damage distribution function
parameterized by the five design variables (a) iz, (b) up, (¢) o, (d) op, and (e) Dyp. The red crosses added for combination I-III indicate

an example optimal design variable vector.

Figure 16b displays the resulting CDFs for the damage po-
sition p p along the blade perimeter. For combinations I-I, I-
II, II-11, and III-III, no clear convergence is visible, indicat-
ing that no specific position along the blade perimeter can be
determined for these state combinations. For combinations I-
IIT and II-1I1, a position between p = —0.1 and up = —0.3
is identified as the most probable solution. The negative sign
corresponds to the pressure side of the blade, oriented up-
wards in the considered laboratory setup (cf. Fig. 1). This
outcome does not match the true crack location across the
LE in state III, corresponding to i p = 0, as marked in gray.
However, closer inspection of Fig. 4 shows that the crack
propagates slightly more on the pressure side and changes di-
rection through approximately 90° at this position. This may
explain why the model-updating results identify the damage
predominantly on the pressure side. Still, the damage local-
ization along the blade perimeter remains complicated.

The results for the damage extent along the length o,
shown in Fig. 16c, are similar to those obtained using the
beam model (cf. Figs. 12b and 15b), with the median lying
exactly between the 1o, and 20, values. The damage extent
along the blade perimeter op, shown in Fig. 16d, indicates

Wind Energ. Sci., 11, 1227-1249, 2026

a rather small spatial extent in this direction, with the me-
dian being even lower than the highlighted 1op value. Con-
sequently, the optimal results for the covariance matrix X,p
correspond to a crack-like shape extending in the longitudi-
nal direction. While this reflects the characteristics of the real
damage extent, the orientation does not correspond to the true
extent across the LE of the rotor blade. However, it should be
noted that an inclined damage extent, as is actually the case
here (cf. Fig. 4), cannot be captured by the currently applied
covariance matrix X,p, since its off-diagonal terms are set to
zero (cf. Sect. 2.1.3).

The results for the damage intensity D;p, presented in
Fig. 16e, follow a pattern across all combinations similar to
that observed for the (meta)SDMU results using the beam
model (cf. Figs. 12c and 15c). For the self-comparisons,
D>rp =0 is the most probable outcome. Combination I-II
shows an initial stiffness reduction, which is visible due to
the slight rightward shift of the CDF. For combination I-III,
the CDF shifts further to the right, revealing a more distinct
solution for a positive Dyp. This indicates an even greater
stiffness reduction. The results for combination II-III, also
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targeting state III, show a comparable solution for Dyp rang-
ing from 0.025 to 0.175.

The stiffness reduction corresponding to the optimal de-
sign variable vector x2p optimal, marked in red in Fig. 16, is
visualized in Fig. 17. Again, X2p optima i selected such that
the first design variable, the damage position wr, is set to
its median value [i7, defined as the 50 % value of the cor-
responding CDF, while the remaining four design variables
are chosen as the optimal values corresponding to this fixed
first design variable. For the shell model, these corresponding
values coincide with the respective median values regarding
design variables o7, wp, and op, whereas the correspond-
ing optimal value for Djp is slightly below its median. For
comparison, Fig. 18 shows the correct damage location asso-
ciated with the crack that emerged in state III. It should be
noted that the “correct” representation aligns with the intu-
itive perception of the crack extending across the LE. This
does not correspond to the actual crack propagation, which
runs inclined across the LE (cf. Fig. 4). However, as men-
tioned before, this inclination cannot be captured by the ap-
plied five-dimensional design variable parameterization, as
the off-diagonal terms of the covariance matrix X,p are set
to zero (cf. Sect. 2.1.3).

In summary, the (meta)SDMU approach applied to the
shell model of the rotor blade successfully localizes the dam-
age along the blade length at L ~ 8 m. Furthermore, the dam-
age exhibits an elongated, crack-like shape, which reflects
the characteristics of the real damage extent. However, the
found orientation is along the blade length rather than trans-
verse to it, and the circumferential damage position was not
accurately captured at the LE of the rotor blade but shifted
towards its pressure side.

4.3 Comparison of the results

In this subsection, a direct comparison of the results ob-
tained using the three different design variable configura-
tions, defining the respective damage distribution functions
applied to the two different numerical models, is presented.
To illustrate this, Fig. 19 shows all the resulting CDFs for
combination I-III. This combination updates the reference
state I to the analysis state III of the laboratory rotor blade.

In general, the results for the three design variables up,
oL, and D (i.e., Dip and D>p) show a high degree of sim-
ilarity. This overall consistency confirms the methodologi-
cal robustness of the presented (meta)SDMU approach and
the validity of the three different implemented parameteri-
zations of the damage distribution function. Moreover, the
agreement across the results underlines their reliability, par-
ticularly given that two numerical models of distinctly differ-
ent levels of accuracy and detail were employed.

However, upon closer inspection, some differences can
be discerned. Most notably, the use of the more detailed
shell model increases the accuracy of the damage localiza-
tion along the blade length, shown in Fig. 19a. Table 9 sum-
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Table 9. Comparison of the damage localization accuracy.

FE model Npvs @iy, Deviation from iy, ey,

inm inm in%
Beam model 3 11.63 3.63 11.7
Beam model 4 12.59 459 14.8
Shell model 5 7.75 0.25 0.8

marizes the localization accuracy of the different design vari-
able parameterizations using the beam and shell models with
respect to the true damage position fi7, at L = 8 m along the
31 m blade. Therefore, the medians fi; — defined as the 50 %
values of the CDFs — were calculated for each design variable
configuration. To provide a quantitative metric for assessing
the accuracy of the presented CDFs, Table 9 lists the relative
error e, calculated in % per design variable configuration:

ey, = 100 x ML31_—mML (19)

The listed results demonstrate that the shell model reduces
the damage localization error to less than 1% of the blade
length. Due to its higher spatial resolution and more detailed
representation of the blade geometry, it is significantly more
accurate in capturing local damage. However, this accuracy
comes with the need for detailed geometric and material in-
formation and the cost of higher computational demand, with
a computing time of around 8 min, including the input file
generation, model loading, and modal analysis. In contrast,
the beam model provides a reasonably accurate damage lo-
calization within 11 %—15 % of the blade length despite its
simplified representation, while requiring only around 20s
of computing time. This indicates that beam models can of-
fer a practical compromise between computational efficiency
and localization performance.

The damage extent is predicted nearly identically by all
three parameterizations, illustrated in Fig. 19b. The true lon-
gitudinal extent of the inclined crack propagation is approxi-
mately 1 m, corresponding to a correct value of 207 &~ 0.5 m
and log ~ 0.25m, as respectively indicated by the vertical
dashed and dotted lines in the figure. All in all, the three
model-updating procedures accurately reflect the predomi-
nantly local nature of the damage.

Regarding the results obtained for the damage intensity
shown in Fig. 19c, the beam model with three design vari-
ables predicts a slightly lower damage intensity, whereas the
other two configurations yield similar results. Importantly, all
three model-updating procedures consistently identify a stift-
ness reduction with high probability, indicating that the three
presented damage parameterizations reliably capture the key
structural effect of the damage. Again, it is noted that the
value obtained for the design variable D cannot be explic-
itly validated for the considered rotor blade fatigue test, as
the damage itself cannot be uniquely quantified. Although
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Figure 17. Visualization of the stiffness reduction based on x3p optimal> denoted by red crosses in Fig. 16, in the shell model. View of the

(a) pressure side and (b) leading edge.
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Figure 18. Visualization of the correct stiffness reduction in the shell model. View of the (a) pressure side and (b) leading edge.

the crack, which finally occurred at the LE, can be visually
identified, a quantification of the severity of this crack would
require knowledge of geometric and mechanical characteris-
tics such as the crack depth, crack tip opening displacement,
and the specific damage mechanism. These parameters are
typically not directly accessible and difficult to measure in a
non-destructive manner. Moreover, the visible crack is likely
not the only form of damage present in the blade, as it is
very plausible that progressive material stiffness degradation
occurred along the leading and trailing edges due to fatigue
damage prior to the formation of the visible crack (cf. Fig. 3).

5 Conclusions

In this work, FE model updating was performed with the ob-
jective of damage identification based on a laboratory rotor
blade fatigue test. Three rotor blade states were measured
during the test, resulting in six possible state combinations to
which the presented model-updating procedure was applied.
The sample-based deterministic model-updating (SDMU)
approach was employed, which, in this particular application,
accounts for identification uncertainty in the modal parame-
ters. Three different design variable configurations were in-
troduced, each defining a damage distribution function used
to update the stiffness of two numerical models with differ-
ent levels of fidelity (beam and shell). This methodological
framework enabled a systematic evaluation of how model de-
tail and design variable parameterization influence the results
of model updating.

In summary, all three design variable configurations
yielded consistent results across all six state combinations,
confirming the robustness of the SDMU approach and vali-
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dating the implemented parameterizations of the damage dis-
tribution function. The agreement among the results under-
lines their reliability, particularly given that two numerical
models of distinctly different levels of accuracy and detail
were employed. As expected, all model-updating procedures
returned zero-damage results for the three self-comparisons
and revealed a progressively increasing stiffness reduction
together with a conclusive damage localization along the
blade length. The most notable difference between the two
utilized FE models was revealed with respect to the longitu-
dinal damage localization. While the use of the shell model
allows for a damage localization within less than 1% of the
blade length, the use of the beam model achieved an accu-
racy of only 11 %, deviating from the true damage position
by 3.5m.

The findings of this work underline the importance of
defining the analysis objective in advance. Naturally, the
choice of the numerical model depends on whether computa-
tional efficiency or model accuracy is the primary goal. When
a fast overview of the general damage vicinity is required,
the beam model provides a computationally efficient solu-
tion. In contrast, the shell model is more appropriate when
precise damage localization is needed, including the local-
ization along the perimeter. The application of a model se-
lection approach is also possible to support the choice based
on a quantitative metric. However, this becomes increasingly
relevant when a larger set of competing models is available.

As the considered five-dimensional design variable param-
eterization applied to the shell model does not account for in-
clined damage extents, incorporating the off-diagonal terms
of the covariance matrix represents an interesting extension.
In addition, a sensitivity study with regard to the choice of the
distribution function representing the damaged area would
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Figure 19. Resulting CDFs of the SDMU procedure for combination I-III — comparison of all three parameterizations of the damage

distribution function. Design variables (a) w7, (b) o7, and (¢) D.

provide valuable insight for assessing the robustness of the
proposed model-updating approach. Future work should also
aim to include model uncertainty in the SDMU approach.
Furthermore, a comparison between the presented results us-
ing the cross-combination strategy, assuming statistically in-
dependent and equally probable input samples, and results
obtained using an alternative sampling method represents an
interesting outlook. Moreover, the present study is limited to
a laboratory experiment without realistic variation of envi-
ronmental or operational conditions, which are of high rel-
evance for rotor blades. Addressing these aspects will pro-
vide valuable extensions and enhancements to the presented
model-updating approach.
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