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Abstract. The use of meta-models (e.g. Kriging, artificial neural networks, and polynomial chaos expansion)
as surrogate models of aeroelastic simulation models offers a good opportunity to perform lifetime calculations
with a feasible computational effort. Meta-models for the approximation of fatigue loads, i.e. damage equivalent
loads, of wind turbines in normal operation have been researched comprehensively in recent years. For offshore
wind turbines in particular, however, downtimes, i.e. the times when wind turbines idle, also have a significant
impact the lifetime. Currently, there are no meta-models of idling wind turbines available. However, it cannot
simply be assumed that the findings from normal operation can be directly transferred to idling, as the structural
behaviour differs significantly from normal operation due to the lack of aerodynamic damping and the resulting
larger impact of the wave loads. For this reason, for the first time, the creation of meta-models, more precisely
Kriging meta-models, for an idling offshore wind turbine is investigated comprehensively in this paper. The
investigation of meta-modelling shows that for the approximation of the rotor blade root bending moments, two
additional input parameters have to be considered in addition to the input parameters that are used for the creation
of a meta-model for the same offshore wind turbine in normal operation. The comprehensive investigation of the
Kriging meta-models shows that the meta-models trained with 2500 data points represent the simulation model
with an acceptable approximation quality when choosing suitable Kriging settings.

1 Introduction

To determine the lifetime extension potential of offshore
wind turbines, a lifetime recalculation or lifetime reassess-
ment must be carried out. However, lifetime reassessments
for offshore wind turbines are very time-consuming, as many
combinations of environmental parameters have to be calcu-
lated. Due to this high number of input parameter combina-
tions, an exact lifetime reassessment, in which all actually
occurring combinations of the environmental parameters are
considered, is not possible when using aeroelastic simulation
codes. According to IEC 61400-3 (IEC, 2019b), representa-
tive combinations of the environmental parameters are there-
fore calculated, although the number of required simulations

is still very high (approximately 1 000 000 simulations, de-
pending on the site). One way to significantly decrease the
computing time for a lifetime reassessment is to lump the
combinations of the environmental parameters into a few rep-
resentative combinations, e.g. Ziegler and Muskulus (2016),
Bouty et al. (2017), and Velarde et al. (2020). In Ziegler and
Muskulus (2016) and Bouty et al. (2017), the combinations
of the environmental parameters are lumped together in such
a way that the representative combinations generate the same
damage as if all combinations resulting from the scatter di-
agram had been simulated. The calculated damage is then
extrapolated to the lifetime. One drawback of this method is
that not all combinations of environmental parameters that
occur in reality can be considered. An alternative to a re-
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duction in the number of considered input parameter com-
binations for lifetime calculations is the use of meta-models
as surrogate models for the aeroelastic simulation code (e.g.
Dimitrov et al., 2018; Schmidt et al., 2023). For this purpose,
the meta-models must first be created, and it is important to
ensure that the meta-models approximate the aeroelastic sim-
ulation model with sufficient accuracy.

In recent years, a lot of research has been done in the area
of meta-modelling for the fatigue load prediction of operat-
ing wind turbines (onshore and offshore). Investigations have
been carried out involving, among other approaches, artificial
neural networks (ANNs; e.g. Müller et al., 2017; Haghi and
Crawford, 2024), polynomial chaos expansion (PCE; e.g.
Murcia, 2018), Kriging or Gaussian process regressions (e.g.
Wilkie, 2020; Avendaño-Valencia et al., 2021; Müller et al.,
2022), and mixture density networks (e.g. Singh et al., 2024).
Comparative studies have also been carried out, for example
by Dimitrov et al. (2018), who compared five different meta-
models, including Kriging and PCE, for the approximation of
fatigue loads, i.e. damage equivalent loads (DELs), of an on-
shore wind turbine. In addition, Schröder et al. (2018) com-
pared the use of PCE and ANN for the same onshore wind
turbine, and Slot et al. (2020) analysed PCE and Kriging for
another onshore wind turbine. Müller et al. (2021) compared
ANN and Kriging for an offshore wind turbine, and Singh
et al. (2024) conducted a comparison of mixture density net-
works and Kriging for onshore and offshore wind turbines. It
was found that for both onshore and offshore wind turbines
in normal operation, meta-models for approximating the fa-
tigue loads can provide a suitable alternative to the original
aeroelastic simulation model.

However, according to IEC 61400-1 (IEC, 2019a), idling
must also be taken into account in addition to normal oper-
ation when calculating the lifetime of an offshore wind tur-
bine. Here, the rotor blades are pitched out, and the rotor
is usually not braked, so very slow rotation of the rotor is
possible. Due to the low rotational speed, there is almost no
aerodynamic damping. For onshore wind turbines and small
offshore wind turbines, idling has a positive effect on their
lifetime due to the lower fatigue loads that occur (Santos et
al., 2022; Ziegler et al., 2024). In contrast, the loads of off-
shore wind turbines can be the same or even higher for idling
conditions than for normal operation. This can be explained
by the fact that wave loads have a higher impact on structural
behaviour due to the lack of aerodynamic damping. As a re-
sult, the structure is excited more strongly, which can lead to
loads that are not negligibly low compared to the loads dur-
ing normal operation. For large wind turbines on monopiles
in particular, this is relevant as the impact of the wave loads
is larger compared to wind turbines on smaller monopiles
(Velarde et al., 2020; Santos et al., 2022).

The number of idling conditions is significantly smaller
compared to the number of normal operating conditions.
However, extrapolated over the lifetime, there is still a large
number of idling conditions that needs to be calculated. Ap-

proximately 5 % of the operational lifetime is spent under
idling conditions caused by wind speeds below the cut-in or
above the cut-off wind speed (here based on the example of
the wind speed distribution of FINO 3 (Hübler et al., 2017b)
using the NREL 5 MW reference turbine). In addition, wind
turbines idle in around 4 %–10 % of their total operational
lifetime due to downtimes caused by the general availabil-
ity of the wind turbine, which are assumed to be uncorre-
lated with environmental conditions (Horn and Leira, 2019).
Adding these together, around 9 %–15 % of their total op-
erational lifetime is spent under idling conditions. Extrap-
olated to a lifetime of 25 years, this means that more than
100 000 simulations (with a simulation time of 10 min each)
must be carried out just to take the idling conditions into ac-
count if all combinations of environmental parameters that
actually occurred are taken into account. Due to this high
number of simulations, a calculation in the time domain, i.e.
with aeroelastic simulation codes, is hardly possible. In or-
der to be able to take all these 10 min realisations into ac-
count in the lifetime calculation, meta-models must also be
created for an idling wind turbine. Nevertheless, to the au-
thors’ knowledge, there has been no research so far regard-
ing meta-modelling for idling wind turbines, although idling
can have a significant influence on the lifetime of offshore
wind turbines, as described above. Due to the lack of aerody-
namic damping and the resulting increased impact of wave
loads, idling wind turbines have a different structural be-
haviour compared to turbines in normal operation. For this
reason, it cannot be assumed that the findings of previous in-
vestigations into meta-modelling of offshore wind turbines in
normal operation can be transferred to idling offshore wind
turbines. For this reason, in this work, the creation of meta-
models, more precisely Kriging meta-models, of an idling
offshore wind turbine is investigated comprehensively for the
first time. Kriging, also known as Gaussian process regres-
sion, was selected because, on the one hand, Kriging meta-
models have shown promising results in previous work, in
terms of approximation quality and the computational time
required to create the meta-models for wind turbines in oper-
ating conditions, e.g. Slot et al. (2020); Wilkie (2020). On the
other hand, Kriging meta-models already exist for the same
simulation model used in this work for normal operation with
a good approximation quality (Müller et al., 2022).

To create the meta-models, a database (i.e. training and test
data) must first be generated. Due to the almost-nonexistent
aerodynamic damping, it can be assumed that the time period
in which the initial transients affect the simulation results due
to the abrupt loading on the turbine at the start of the simu-
lation is longer than for an operating wind turbine (Hübler et
al., 2017b). For offshore wind turbines in normal operation,
the time periods for the initial transients, in the following
referred to as run-in times, used in the literature vary sub-
stantially, generally ranging from 20 s to several hundred sec-
onds, e.g. Jonkman and Musial (2010), Vemula et al. (2010),
Müller et al. (2018), and Singh et al. (2024). This is, among
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other causes, due to the fact that the run-in times depend on
the simulation model (wind turbine type and substructure)
and the aeroelastic code used. There are only a few detailed
studies in which the required run-in times have been deter-
mined. A first detailed study on run-in times was carried out
by Zwick and Muskulus (2015) for an offshore wind turbine
on a jacket. In this study, however, only normal operation was
considered, while idling was not taken into account. Hübler
et al. (2017b) also conducted a study of the run-in times of
offshore wind turbines for a monopile and a jacket founda-
tion. Here, in addition to normal operation, the run-in times
were also analysed for idling conditions for wind speeds be-
low cut-in and above cut-out wind speeds. However, for the
idling condition, the run-in times for wind speeds between
the cut-in and cut-off wind speeds were not analysed. Due
to the very high maximum run-in time of 720 s in Hübler et
al. (2017b), it is not reasonable to take this as a conserva-
tive assumption for all wind speeds, as this dramatically in-
creases the computational effort. For this reason, before start-
ing meta-modelling, the first step is to determine the run-in
time for idling as a function of the wind speed.

The paper is structured as follows. In the first part, the fo-
cus is on the time domain simulation of the idling operating
state. Here, the run-in times are determined with respect to
the wind speed. Then, the next step is to create the training
and test data sets for meta-modelling. These are then used
to investigate the creation of the meta-models for the idling
wind turbine. The Kriging meta-models are analysed with re-
gard to the Kriging settings, i.e. the choice of the covariance
and basis function. Subsequently, a convergence study is car-
ried out to determine the number of simulations required for
creating the meta-models. Finally, the results of the meta-
modelling of the idling offshore wind turbine are compared
with the results of the meta-modelling of the same offshore
wind turbine in normal operation, and a conclusion is drawn.

2 Time domain simulations of an idling offshore
wind turbine

2.1 Simulation model and environmental conditions

The time domain simulations for the investigations in this
work are conducted using the aero-hydro-servo-elastic code
FASTv8 from the National Renewable Energy Laboratory
(Jonkman, 2013). A soil model by Häfele et al. (2016) and
Hübler et al. (2018) that enhances the FASTv8 code is con-
sidered. The NREL 5 MW reference turbine (Jonkman et al.,
2009) with the OC3 monopile and soil (Jonkman and Musial,
2010) is used as the wind turbine model. For the soil model,
the required soil matrices are based on the lateral soil model
of Kallehave (2012) and on the axial soil model of FUGRO
(API, 2007). These choices follow the work of Hübler et al.
(2017a, 2018). In accordance with Häfele et al. (2016), the
soil matrices are calculated using initial conditions; i.e. no
loads were applied.

The turbulent wind field is calculated using TurbSim
(Jonkman, 2016). Here, the Kaimal turbulence model is used,
which is one of the turbulence models recommended in the
IEC 61400-1 guideline (IEC, 2019a) and which is frequently
used, for example by Yang et al. (2015), Slot et al. (2020),
and Wilkie (2020). The irregular waves are calculated using
the JONSWAP spectrum. The JONSWAP spectrum is com-
monly used for offshore wind turbine simulations, e.g. by Ve-
larde et al. (2019), Stieng and Muskulus (2020), and Wilkie
(2020).

Five scattering parameters (mean wind speed vs, turbu-
lence intensity TI, significant wave height Hs, wave peak pe-
riod Tp, and wind–wave misalignment θmis) are considered
in this work. For these five parameters, the statistical distri-
butions by Hübler et al. (2017b) are used, which were fitted
to the measured environmental conditions at the FINO 3 re-
search platform in the German North Sea.

The simulation length of each simulation is 10 min in ad-
dition to the run-in times to be determined in the next section.

2.2 Determination of the run-in times

Before creating the database for the training and testing of
the meta-models, the first step is the determination of the run-
in times for the NREL 5 MW reference turbine on the OC3
monopile in idling conditions using the FASTv8 software.
Since previous investigations have shown that run-in times
depend on wind speed (Zwick and Muskulus, 2015; Hübler
et al., 2017b), the run-in times are determined as a function
of the wind speed.

The run-in times are determined by investigating the in-
ternal forces at two representative locations at the wind tur-
bine, which are visualised in Fig. 1. The internal forces of
the monopile are investigated at the mud line, and the inter-
nal forces of the rotor blade are investigated at its root. An
overview of the considered internal forces can be found in
Table 1. During the course of this paper, the meta-models are
created and analysed for these internal forces.

To obtain the run-in times as a function of the wind speed,
wind speeds of 1 to 33 m s−1 with a step width of 2 m s−1

are considered. A total of 10 000 simulations are carried out
for each wind speed. In each of the 10 000 simulations, the
random wind and wave seeds and the initial azimuth angle ψ
(initial position of the rotor blades) are varied. All other scat-
tering parameters,Hs, Tp, TI, etc., are kept constant, whereby
the mean values of the corresponding probability distribution
are used. This means that the 10 000 simulations conducted
for every wind speed are identical except for the values of the
random wind and wave seeds and the initial azimuth angleψ .

A convergence study is conducted to determine the run-in
times. Each of the 10 000 simulations per wind speed has
a simulation length of 60 min. This leads to a maximum
of 50 min for the initial transients as the usable simulation
length is 10 min. Based on the study of Hübler et al. (2017b)
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Figure 1. Visualisation of the NREL 5 MW reference turbine on the
OC3 monopile (not to scale) with markings indicating the locations
at which the internal forces are evaluated.

Table 1. Considered internal forces for the determination of run-in
times and for the creation of meta-models.

Internal forces Description

Fx shear force at mud line in wind direction

My overturning moment at mud line in wind
direction

Fy shear force at mud line perpendicular to
wind direction

Mx overturning moment at mud line
perpendicular to wind direction

Mx,Root edgewise moment at the blade root

My,Root flapwise moment at the blade root

on initial transients of an offshore wind turbine, it is assumed
that this duration is sufficient for an idling wind turbine.

For the convergence study, the run-in time is increased step
by step in 10 s intervals, starting with a minimum run-in time
of 10 s. Then, in each step, for each of the 10 000 simulations,
the run-in time is cut off, and a short-term DEL is calculated
for a simulation length of 10 min according to Eq. (1).

Seq =

(∑ niS
m
i

Nref

) 1
m

(1)

Here, ni is the corresponding number of cycles for each load
amplitude Si determined by rainflow counting according to
the ASTM E1049-85 standard (ASTM, 2017). Nref = 600 is
the number of equivalent cycles for a frequency of 1 Hz for a
10 min time series, andm is the Wöhler exponent. The Wöh-
ler exponent m= 3 is chosen for steel and m= 10 for the

composite material of the rotor blade. The load range Si is
corrected according to Goodman (1914).

The resulting 10 000 short-term DELs Seq are then aver-
aged for each step of the convergence study. The run-in time
is considered sufficiently long if the deviation of the current
mean short-term DEL from the mean short-term DEL of the
maximum analysed run-in time of 50 min is less than 5 %.

As described above, the 10 000 simulations conducted for
every wind speed are identical except for the values of the
random wind and wave seeds and ψ . ψ is varied in each sim-
ulation in addition to the random wind and wave seeds, as
during the investigations, it turned out that the run-in times,
especially for the flapwise bending moment at the blade root
My,Root, could only be determined if ψ is varied in each sim-
ulation. This can be explained as follows. In the case of an
idling wind turbine, the blades are pitched out. Due to this
pitch angle and the very low rotational speed of the rotor, the
flapwise (idling: in-plane) bending moment is significantly
affected by the weight of the rotor blade itself and therefore
depends on the position of the rotor blade. This dependency
is shown in Fig. 2, where the time series of the azimuth an-
gle andMy,Root are shown for one example simulation with a
mean wind speed of vs = 17 m s−1. It becomes clear that the
value of My,Root is significantly influenced by the value of
the azimuth angle. Furthermore, it is noticeable that the val-
ues ofMy,Root only change very slowly. This is due to the fact
that the azimuth angle, i.e. the rotor position, only changes
very slowly, caused by the low rotor speed (approximately
one rotation per hour). If only the random wind and wave
seeds are varied, while ψ has the same value in all 10 000
simulations, the resulting time series of My,Root differ only
due to different rotor speeds caused by different stochastic
wind fields. These differences are – especially for My,Root –
not large enough to determine a convergence of the run-in
times, as the time series are too similar, and the mean values
of My,Root,DEL are therefore too strongly affected by the ro-
tation of the rotor. This issue can be avoided by varying ψ in
each simulation. Due to the different initial rotor positions,
the time series of My,Root are more different. Consequently,
the influence of the rotation of the rotor inMy,Root,DEL is av-
eraged out when calculating the mean value of My,Root,DEL.
This enables the run-in times to be determined. For this rea-
son, the azimuth angle is varied randomly to determine the
run-in times.

Figure 3 shows an example of the convergence be-
haviour for wind speeds from 1 to 9 m s−1 for My,DEL and
My,Root,DEL. For the remaining internal forces and wind
speeds considered, the convergence behaviour is shown in
Appendix A in Figs. A1 to A3. It is clear that My,DEL
has a better convergence behaviour than My,Root,DEL and
that longer run-in times are required when looking at
My,Root,DEL. For My,DEL, it can be seen that the run-in time
depends on the wind speed. The higher the wind speed, the
shorter the run-in time required. This dependence of the run-
in time on the wind speed can be observed for all analysed
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Figure 2. Influence of the azimuth angle on the flapwise bending moment My,Root at the rotor blade root for a mean wind speed of
vs = 17 m s−1.

internal forces, although the run-in times of the bending mo-
ments at the rotor blade roots deviate from this in some cases.
For My,Root,DEL, for example, it can be seen that the results
for 3 and 5 m s−1 deviate from this trend, as shown in Fig. 3.
The reason for these deviations could not be determined in
this study. As the simulation of My,Root,DEL additionally re-
quires the highest run-in times for most wind speeds, 800 s
run-in time is assumed for wind speeds < 16 m s−1 to be on
the conservative side. For very high wind speeds, the investi-
gations show required run-in times of less than 10 s. Here, to
be on the safe side, a minimum run-in time of 60 s is speci-
fied. The run-in times defined in this work are shown in Ta-
ble 2.

Comparing the results in Table 2 with the results of Hübler
et al. (2017b) for the same wind turbine in operation, it is
noticeable that the trend that the required run-in time be-
comes shorter with increasing wind speed was observed pre-
viously. The results also agree well for wind speeds of less
than 3 m s−1, where the turbine idles. However, the results
differ significantly in one aspect. Compared to 60 s in this
study, a very long run-in time of 360 s was determined for the
idling wind turbine for wind speeds greater than 25 m s−1.
One possible reason for this could be that in this work only
one combination of the environmental parameters per wind
speed is calculated 10 000 times with different random seeds
and varying initial azimuth angles. Here, the mean values
of the probability distributions of the remaining scattering
parameters are used. The determined run-in times therefore
apply to average combinations of environmental parameters.
However, rarely occurring combinations of input parameters,
which may lead to higher run-in times, are not taken into ac-

count. In Hübler et al. (2017b), in contrast, 10 000 different
combinations of environmental parameters per wind speed
bin were calculated to determine the run-in times. This means
that the wind speed and other scattering parameters, such as
turbulence intensity, significant wave height, and wave peak
period, were varied in each of the 10 000 simulated 10 min
realisations per wind speed bin. As a result, less frequently
occurring combinations of input parameters were also taken
into account, which may lead to higher run-in times. To sum-
marise, it can therefore be concluded that the run-in times
in this work apply to average input parameter combinations,
while the run-in times from Hübler et al. (2017b) can be used
to be on the conservative side.

3 Meta-modelling

3.1 Kriging meta-model

In this work, Kriging is used as a meta-model for the simula-
tion model of the offshore wind turbine in idling conditions.
Kriging uses a combination of a regression equation to model
the mean or general trend in the data and a Gaussian process
with a zero mean to model the deviations from the general
trend (Santner et al., 2018). The equation of Kriging is given
as follows by Rasmussen and Williams (2006):

g(x)= f (x)+h(x)T β. (2)

h(x)T β represents the general trend in the data with known
regression or basis functions h(x)TS1 and unknown regres-
sion coefficients β. f (x) is a Gaussian process with a zero
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Figure 3. Initial transient behaviour of the idling wind turbine for mean wind speeds of 1 to 9 m s−1.

Table 2. Recommended run-in times that should be discarded to exclude the effects of initial transients.

vsin m s−1 < 2 2–4 4–6 6–8 8–10 10–12 12–14 14–16 16–18

Run-in time in s 800 800 800 800 800 800 800 800 100

vsin m s−1 18–20 20–22 22–24 24–26 26–28 28–30 30–32 > 32

Run-in time in s 70 70 60 60 60 60 60 60

mean and the covariance function or kernel function k(x,x′):

f (x)∼GP (0,k(x,x′)). (3)

As mentioned before, using the Gaussian process (GP), the
deviations from the general trend, also called residuals, are
modelled. Here, the covariance function k(x,x′) describes the
similarity between different data points (x and x′). It is as-
sumed that data points whose input values are close to each
other, i.e. are similar, also have similar output values. Co-
variance functions can be isotropic or anisotropic. They dif-
fer in the correlation length used. The correlation length in-
dicates how distant data points may be from each other in
order for them to still be correlated. For isotropic covariance
functions, there is a joint correlation length for all input pa-
rameters. In contrast, for anisotropic covariance functions,
there is a separate correlation length for each input parame-
ter. This can be beneficial when the different input parame-
ters have different influences on the output parameters (Ras-
mussen and Williams, 2006). In this work, the anisotropic
covariance functions are named with the prefix ARD (auto-
matic relevance determination).

For more information on Kriging, the reader is referred to
Santner et al. (2018) and Rasmussen and Williams (2006).

The Kriging meta-model is used in this work to predict
fatigue loads, i.e. short-term DELs Seq, based on the input
parameters vs, TI, Hs, Tp, and θmis. These environmental pa-
rameters were identified as significant in sensitivity analyses
for operating wind turbines by Hübler et al. (2017a), Murcia

(2018), and Velarde et al. (2019). Due to their significant in-
fluence on the fatigue loads of operating wind turbines, it is
assumed in this work that these parameters also have a sig-
nificant impact on the fatigue loads in the case of an idling
wind turbine.

It should be mentioned that a separate meta-model is cre-
ated for each of the six internal forces analysed (see Table 1).
To train the meta-models, the short-term DELs Seq, deter-
mined with the aeroelastic simulation model f depending on
the input parameters, are used.

Seq = f (vs,TI,Hs,Tp,θmis) (4)

A Kriging meta-model is a mathematical model which, in
principle, can also make unphysical predictions, such as neg-
ative short-term DELs. To avoid the prediction of negative
DELs, the logarithm of the short-term DELs is used to train
the meta-models g.TS2

ln(Seq)= f (vs,TI,Hs,Tp,θmis) (5)

As the meta-models g were trained with ln(Seq), the meta-
models g also predict values for ln(Ŝeq), where Ŝeq is the ap-
proximated short-term DEL.

ln(Ŝeq)= g(vs,TI,Hs,Tp,θmis) (6)

The values of Eq. (6) can then be used to calculate Ŝeq as
follows.

Ŝeq = exp(ln(Ŝeq)) (7)

melda.ohan
Highlight
The equation needs to be corrected because the paper describes that Seq is logarithmised. However, I made the mistake of inserting the logarithm only on the left side of the equation and forgot to insert it on the right side. As a result, the right side of the equation is no longer equal to the left side. To ensure that the equation remains correct, the logarithm must also be inserted on the right side.

Equation 5 would be correct as follows:

ln(Seq) = ln(f(vs,TI,Hs,Tp,θmis))
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Figure 4. Correlations of mean wind speed vs and significant wave
height Hs.

It should be noted that a Kriging meta-model generally pre-
dicts a mean and a corresponding standard deviation of the
short-term DEL. For the prediction of the short-term DELs
in this work, only the predicted mean values are used, as the
mean values are the central values of the predictive distribu-
tions and provide a clear and unambiguous estimate of the
expected short-term DELs.

3.2 Generation of training and test data

Using the previously defined initial transients, the training
and test data sets for meta-modelling can be created. Here,
the same simulation model and environmental conditions are
used as described in Sect. 2.1. The five environmental input
parameters for the meta-models, vs, TI, Hs, Tp, and θmis, are
considered scattering parameters. In addition to these vari-
ables, ψ and the random wind and wave seeds are also var-
ied randomly in each simulation. For the other environmental
variables, which are also scattered in reality (e.g. wind shear
exponent), the mean values of their probability distributions
are used.

In the sampling process, correlations between the input
parameters are taken into account, as shown in Fig. 4. This
means that combinations of environmental variables that do
not occur in reality, such as a high wind speed in combina-
tion with a very low wave height, are not considered in this
work. The correlations were considered using the statistical
distributions of Hübler et al. (2017b), which contain the cor-
relations between the different environmental variables.

A total of 10 000 samples are created using a Halton se-
quence. The Halton sequence is also known as a quasi-
random sampling method. Here, samples are generated in the
interval of [0, 1] with the help of an equation. The created
samples are then transformed using the inverse cumulative
probability distribution. The Halton sequence was selected

because it led to the best results in terms of the required num-
ber of samples compared to other methods in an earlier study
(Müller et al., 2022) for an offshore wind turbine in opera-
tion. In addition, the Halton sequence was also used by Dim-
itrov et al. (2018) and Slot et al. (2020).

The resulting time series for the different internal forces
(see Table 1) are subsequently transformed into short-term
DELs using Eq. (1). The data set is then split into a training
data set and a test data set. Here, 85 % of the samples are used
to train the Kriging meta-model, and 15 % of the samples are
then used to test the meta-model.

3.3 Load comparison of operating and idling wind
turbines

As already described, idling conditions can certainly have a
significant impact on the lifetime, as wave loads have a more
significant impact on structural behaviour due to the almost-
nonexistent aerodynamic damping. Thus, wave loads excite
the structure more strongly. To understand the magnitude of
the internal forces of the idling conditions compared to the
internal forces of normal operation, the internal forces of the
idling wind turbine and the internal forces of the operating
wind turbine are compared first. This comparison also helps
to check whether it is appropriate to create a meta-model
for all the internal forces considered in this work or whether
some of the internal forces in idling conditions are so small
that no meta-model is required, as they have almost no influ-
ence on the lifetime.

For this investigation, the generated training and test data
sets from the previous section are compared with the train-
ing and test data sets for meta-modelling for normal opera-
tion of the same offshore wind turbine (i.e. the same simu-
lation model) from Müller et al. (2022). For both data sets,
the wind speed range from 3 m s−1 (cut-in wind speed) to
25 m s−1 (cut-off wind speed) is divided into bins with a
width of 2 m s−1. Subsequently, the mean of the short-term
DELs is calculated for each bin and for both data sets. Ex-
ample results are shown in Fig. 5 for Fx,DEL, Fy,DEL (see
Table 1), and the out-of-plane (OoP) bending moment at the
blade root MOoP,Root,DEL. The comparison for the remaining
internal forces is shown Appendix A in Fig. A4. It becomes
clear that the internal forces at the monopile under idling con-
ditions are in the same range compared to the internal forces
during normal operating conditions and can be even higher
than in normal operating conditions. The bending moments
at the rotor blade roots are smaller but at least of a similar or-
der of magnitude for low wind speeds. This study therefore
leads to the conclusion that meta-models should be created
for all six internal forces considered.

3.4 Input parameters for meta-modelling

Based on the results in Sect. 2.2 showing significant impacts
of ψ and the rotor speed on My,Root, this section briefly in-
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Figure 5. Comparison of the internal forces between idling and operating conditions for Fx,DEL, Fy,DEL, and MOoP,Root,DEL.

vestigates whether ψ and the mean rotor speed ω need to be
regarded as additional input parameters for meta-modelling.
For this purpose, the meta-models are first trained with the
five environmental input parameters described in Sect. 3.2
(vs, TI, Hs, Tp, and θmis) using all 8500 training samples.
Subsequently, meta-models are created with ψ and ω as ad-
ditional input parameters. To decide whether the additional
input parameters need to be taken into account, the two meta-
models created with different numbers of input parameters
are compared for each considered internal force using the
1500 test samples. Here, the predicted short-term DELs of
the two meta-models are compared with the short-term DELs
determined with the aeroelastic simulation code FASTv8.

Example results are shown in Fig. 6 for My,DEL and
My,Root,DEL depending on vs. From Fig. 6a and c, it is clear
that the use of the five input parameters for the approximation
of My,DEL leads to good results as both the overall trend and
the scatter are represented. The meta-model of My,Root,DEL,
in contrast, cannot represent the scatter of the simulated val-
ues ofMy,Root,DEL. Figure 6b and d show the approximations
of the meta-models for My,DEL and My,Root,DEL with ψ and
ω as additional input parameters. It is clear that there is barely
any change in the approximation of My,DEL compared to the
meta-model with five input parameters. For My,Root,DEL, in
contrast, it becomes apparent that the approximation of the
meta-model is significantly better when the two additional
input parameters are employed. From these results it can be
concluded, on the one hand, that it is sufficient for the inter-
nal forces at the monopile to use the five environmental input
parameters that are also used for a wind turbine in normal
operation. For the bending moments at the rotor blade roots,
on the other hand, the two additional input parameters ψ and
ω are required for an acceptable approximation quality of the
meta-models.

To train and test the meta-models, the parameters ψ and ω
are taken from the results of the aeroelastic simulations of the
training and test data sets. Here,ψ is the initial azimuth angle
at the start of the 10 min period used to calculate the DEL. ω

is the mean rotor speed during the entire 10 min period. For
a later prediction with the meta-models, a value between 0
and 360° can be chosen arbitrarily, as the rotor position does
not depend on any other parameter. However, ω depends on,
among other factors, the wind field of the aeroelastic simula-
tion and is therefore actually an output parameter of the sim-
ulation. In order to be able to use ω as an input parameter,
the relationship between the input parameters, vs, TI, Hs, Tp,
θmis, and ψ , and the output parameter, ω, is therefore mod-
elled using an additional Kriging meta-model. To train this
meta-model for ω, the same simulation data are used as for
training the meta-models for the prediction of the short-term
DELs. Since the rotor speed strongly depends on the random
seeds (see also Sect. 2.2), it is not sufficient for the prediction
of ω to only use the mean value of the Kriging meta-model
for ω (as done for the meta-models for the prediction of the
short-term DELs). Using only the mean value for the pre-
diction, the scattering of ω cannot be properly modelled (see
Fig. 7a). For this reason, the standard deviation is used in
addition to the mean value to predict the short-term DELs.
For this purpose, each predicted short-term DEL is randomly
sampled from the normal distribution resulting from the pre-
dicted mean value of the corresponding short-term DEL and
the standard deviation given by the Kriging meta-model of ω.
Including the standard deviation of the Kriging meta-model
for ω allows for a sufficiently accurate mapping of the rela-
tionship between ω and the input parameters (vs, TI, Hs, Tp,
θmis, and ψ). This is shown in Fig. 7b.

3.5 Investigation of Kriging settings and convergence
study

Having defined the input parameters for meta-modelling, the
next step is to analyse which meta-model settings lead to
the best approximation of the simulation model. Here, four
different basis functions and five covariance functions are
analysed for the investigation of the meta-model settings for
the Kriging meta-model. The analysed basis and covariance
functions have already been used for Kriging meta-models
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Figure 6. Comparison of two Kriging meta-models for My,DEL and My,Root,DEL with different numbers of input parameters: (a) and (c)
use five input parameters (vs, TI, Hs, Tp, θmis), and (b) and (d) use seven input parameters, namely input parameters from (a) with ψ and ω
from FAST.

Figure 7. Approximation of ω by a Kriging model. (a) Prediction using the mean value of the Kriging model and (b) prediction using a
random sampling of the normal distribution resulting from the mean values and the standard deviation predicted by the Kriging model.
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Table 3. Investigated basis and covariance functions.

Basis functions none, constant, linear, and pure
quadratic

Covariance functions exponential, squared exponential,
rational quadratic, matern 5/2,
matern 3/2, ARD exponential,
ARD squared exponential,
ARD rational quadratic,
ARD matern 5/2, ARD matern 3/2

in wind energy. For the five covariance functions, both the
option with equal correlation lengths (isotropic covariance
functions) and the option with different correlation lengths
(anisotropic covariance functions) for each input parameter
are evaluated. The investigated basis and covariance func-
tions are listed in Table 3. More detailed information on
the covariance functions can be found in Rasmussen and
Williams (2006).

For every possible combination of the investigated basis
and covariance functions, a Kriging meta-model is created to
select a meta-model setting for all further investigations in
this paper. As a measure of error, the normalised root mean
square error (NRMSE) is used.

NRMSE=
1

E(Seq(x))

√∑Ntest
i=1 (Ŝeq(xi)− Seq(xi))2

Ntest
. (8)

Here, Seq(x) is the simulated short-term DEL, and Ŝeq(xi) is
the ith short-term DEL predicted by the meta-model. Ntest
is the number of test samples, and E(Seq(x)) is the expected
value of the short-term DELs Seq(x). One advantage of this
error metric is the possibility to compare the meta-models
for the different fatigue loads directly with each other. There-
fore, it is quite simple to determine whether there are internal
forces that can be better represented by a meta-model than
others.

It turns out that the approximation quality mainly depends
on whether an isotropic or anisotropic covariance function
is chosen. The anisotropic covariance function, i.e. different
correlation lengths for the different input parameters, leads
to a better approximation of the simulation model than the
isotropic covariance function. An example can be seen in
Fig. 8 for My,DEL. This result was to be expected, as the five
input parameters (fatigue loads at the monopile) or seven in-
put parameters (fatigue loads at the rotor blade root) each
have a different impact on the investigated internal forces.

To be able to decide which settings lead to the best meta-
model – also with regard to the required number of samples –
a convergence study is carried out. Here, the number of sam-
ples is increased step by step up to the maximum number of
training samples of 8500. Due to the result that the approx-
imation quality is better when using anisotropic covariance
functions, only the anisotropic covariance functions are con-

Figure 8. NRMSE for different settings of Kriging using My,DEL
as an example and using the entire training data of 8500 samples.

sidered further for the convergence study. Figure 9 shows the
convergence of the NRMSE forMx,Root,DEL andMy,Root,DEL
for the five different anisotropic covariance functions in com-
bination with all analysed basis functions as a function of the
number of samples used. The results of the remaining inter-
nal forces are shown in Appendix A in Fig. A5. It becomes
clear that the choice of the covariance function has an influ-
ence on the number of samples required for meta-modelling,
while the influence of the choice of the basis function is less
significant for the most internal forces.

Since the ARD matern 3/2 covariance function leads to
the best results overall for all fatigue loads considered, this
covariance function is used from this point onwards in this
paper. For the basis function, the use of no basis function,
a constant basis function, or a linear basis function is rec-
ommended, as in combination with the ARD matern 3/2 co-
variance function, these lead to a good approximation for all
internal forces analysed. Therefore, in the following, a linear
basis function is used.

Furthermore, it is clear from Figs. 9 and A5 that the value
of the NRMSE has not yet converged for all internal forces
(e.g. Mx,Root,DEL and Mx,DEL), even when all 8500 training
samples are used. In order to achieve convergence, further
samples would be necessary. However, as this is only use-
ful if a convergence of the NRMSE is required for a suffi-
ciently accurate meta-model, the next section first analyses
how suitable the meta-models created in this work, using all
8500 samples, are in comparison to the simulation model.

3.6 Evaluation of the approximation quality of the
Kriging meta-model

In this section, the previously raised question of how good
the meta-models created are in terms of their approxima-
tion quality and whether they should or could be more ac-
curate is addressed. Here, it should be noted that the aeroe-
lastic simulations themselves also contain uncertainties, e.g.
due to the random seeds used for the generation of the wind
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Figure 9. NRMSE depending on the number of simulations for different settings of the Kriging meta-model for the bending moments at the
rotor blade root. For the prediction of the bending moments at the rotor blade root, the values of ψ and ω were taken from the results of
the aeroelastic simulations of the test data set to ensure that the predicted short-term DELs and the short-term DELs of the test data set are
comparable.

and wave fields. This seed-to-seed uncertainty and the uncer-
tainty in the meta-models compared to the aeroelastic sim-
ulation model are analysed in the following. The aim is to
be able to rate the approximation quality of the meta-model
in comparison to the seed-to-seed uncertainty of the simula-
tion model. For this purpose, the test data set (see Sect. 3.2)
is simulated nine additional times with varied wind and
wave seeds using the aeroelastic simulation code FASTv8.
For the resulting 10 test data sets, which are identical ex-
cept for the wind and wave seeds, the NRMSE is calcu-
lated for all possible combinations of the 10 test data sets
to determine the seed-to-seed uncertainty of the simulation
model (NRMSEsim, 45 combinations in total). A schematic
overview of the combinations considered can be found in
Table 4. The mean value NRMSEsim,mean is then calculated
from the 45 values of NRMSEsim. At the same time, the pre-
dictions of the meta-models are compared with the simulated
test data sets. For the meta-models of the rotor blades, the
predictions are compared with the test data sets in the same
way that the test data sets were previously compared with
each other (see Table 4). Here, only the “S” on the right-
hand side is replaced by an “M” for meta-model prediction.

For M2 to M10, separate meta-model predictions are gen-
erated. The number of the meta-model prediction, e.g. M2,
indicates that the values of ψ from test data set 2 (S2) are
used for this prediction. For ω, the rotor speeds are predicted
using the meta-model for ω with the values of ψ from S2.
Unlike the rotor blades, there is no dependence on ψ and ω
of the meta-models for the monopile. For this reason, there
is only one prediction from the meta-model for the test data
for each internal force. This reduces the number of combina-
tions with the test data sets to a total of 10 possible combina-
tions (S1 vs. M1 to S10 vs. M10). NRMSEmeta is calculated
for each combination of meta-model prediction and test data
set. Then, in the next step, the mean values NRMSEmeta,mean
are determined from the 45 (rotor blades) and 10 (monopile)
values of NRMSEmeta. The resulting mean values of the
NRMSE are then compared for all considered internal forces
(see Table 5). Additionally, a visual comparison, in which the
first test data set (S1) is plotted against the second test data
set (S2) and against the predictions of the meta-model (M2),
is conducted. An example is shown in Fig. 10 for Fx,DEL and
My,Root,DEL.
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Table 4. Schematic overview for determining the seed-to-seed un-
certainty in the different test data sets with different random seeds.
For example, the simulated short-term DELs of test data set 1 (S1)
are compared with the simulated short-term DELs of test data sets
from S2 to S10, and the NRMSE is then calculated for each combi-
nation.

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
S2 S3 S4 S5 S6 S7 S8 S9 S10
S3 S4 S5 S6 S7 S8 S9 S10
S4 S5 S6 S7 S8 S9 S10
S5 S6 S7 S8 S9 S10
S6 S7 S8 S9 S10
S7 S8 S9 S10
S8 S9 S10
S9 S10

Table 5. Comparison of the mean values of NRMSEsim for sim-
ulations against simulations resulting from all possible combina-
tions of 10 random seeds (45 combinations) with the mean val-
ues of NRMSEmeta for the meta-model against simulations result-
ing from the possible combinations of the same 10 random seeds
(rotor blades: 45 combinations, monopile: 10 combinations) for all
considered internal forces using the maximum number of training
samples. NRMSEmeta,mean values are calculated using ω from the
meta-model of ω.

Internal force NRMSEsim,mean NRMSEmeta,mean

Fx,DEL 0.198 0.146
My,DEL 0.439 0.318
Fy,DEL 0.149 0.114
Mx,DEL 0.355 0.263
Mx,Root,DEL 0.475 0.374
My,Root,DEL 0.681 0.697

The results in Table 5 show that, with the excep-
tion of My,Root,DEL, NRMSEmeta,mean is comparable to
NRMSEsim,mean for all considered internal forces. However,
the deviation for My,Root,DEL is very small at less than 3 %,
meaning that the NRMSE values are similar. For this reason,
it can be concluded that the meta-models are sufficiently ac-
curate, as NRMSEmeta,mean is comparable to or smaller than
NRMSEsim,mean. This is also clear from Fig. 10.

Based on these results and an additional convergence
study, where the determination of NRMSEmeta,mean was re-
peated for training sample sizes from 500 to 8500 (see
Fig. A6), the findings of the previous section regarding the
required sample size and the choice of the meta-model set-
tings must be re-evaluated. Assuming that the values of
NRMSEmeta do not have to be smaller than the values for
NRMSEsim, the results show that significantly fewer simu-
lations than the 8500 simulations carried out in this work
are enough to create sufficiently good meta-models. When
using a linear basis function and an ARD matern 3/2 co-
variance function as recommended in the previous section,

Figure 10. Comparison of the seed-to-seed uncertainty in test data
sets S1 and S2 (blue data points) with the predictions of the meta-
models (red data points) for Fx,DEL and My,Root,DEL. For the pre-
diction of My,Root,DEL, ψ is taken from test data set S2, and ω is
predicted with the meta-model of ω.

as few as 2500 samples are sufficient to create the meta-
models for every considered internal force, although the
NRMSE (see Figs. 9 and A5) has not yet converged. Here,
the NRMSEmeta,mean has almost converged for all inter-
nal forces (deviation of NRMSEmeta,mean using 8500 sam-
ples is less than 5 %). Of course, the choice of the sample
size depends on the requested accuracy of the meta-models.
Even with 500 samples, a very good approximation can be
achieved. It can therefore be summarised that significantly
fewer samples are required to create a sufficiently accurate
meta-model compared to the results of the convergence study
in Sect. 3.5.

Figure 10 also clearly shows that the seed-to-seed un-
certainty has a different impact on the considered internal
forces. For My,Root,DEL in particular, the influence of the
seed-to-seed uncertainty is significant and it becomes clear
that a change of the random seeds alone (while keeping all
other input parameters unchanged) results in a large scatter-
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ing of the short-term DELs. This large scattering can be ex-
plained by the fact that the different random seeds result in
different wind fields, which cause the rotor to rotate at differ-
ent speeds during the simulation (see also Sect. 2.2).

4 Comparison to meta-modelling of an operating
wind turbine

The findings concerning the meta-modelling of the idling off-
shore wind turbine are compared with the findings concern-
ing the meta-modelling of the same offshore wind turbine in
normal operation. For this purpose, the results from a previ-
ous study are used, in which the meta-modelling of the same
simulation model, i.e. the NREL 5 MW reference turbine on
the OC3 monopile, was investigated (Müller et al., 2021).
In this study, the same five input parameters were used for
meta-modelling, and the use of the ARD matern 3/2 covari-
ance function in combination with a quadratic basis function
was recommended.

It is noticeable that the results of the investigations into
meta-modelling of the short-term DELs are very similar
for idling and for normal operation. The findings that an
anisotropic rather than isotropic covariance function leads to
a better meta-model and the influence of the basis function
is rather low are valid for both normal operating and idling
conditions. Only the recommendation of the use of no basis
function, a constant basis function, or a linear basis function
instead of a pure quadratic basis function differs. However,
the results in Müller et al. (2021) show that it is also possible
to use the recommended basis functions of this work for nor-
mal operation. It would therefore be possible to use the same
covariance and basis functions for both operating states.

The five input parameters that were used for normal op-
eration are also sufficient for meta-modelling of the idling
condition for the prediction of the internal forces at the
monopile. With regard to the approximation of the bending
moments at the rotor blade roots, two additional parameters
(ψ and ω) must be added for idling compared to normal oper-
ation. However, this does not affect the choice of the Kriging
settings so that the same settings could be used for the Krig-
ing meta-models for the prediction of the short-term DELs
both at the monopile and at the rotor blade root.

With regard to the evaluation of the approximation quality,
no conclusion can currently be made on the basis of the work
in Müller et al. (2022)TS3 as the influence of the seed-to-seed
uncertainty was not investigated in this study. Since the same
simulation model was used, it can be assumed that similar
effects occur in normal operation as during idling. Neverthe-
less, this would have to be confirmed in a further study.

5 Conclusions

In this work, meta-modelling for the estimation of damage
equivalent loads for an idling offshore wind turbine was

investigated for the first time. The simulation model anal-
ysed was the NREL 5 MW reference turbine on the OC3
monopile. Here, the approximation of the fatigue loads at the
monopile at the mud line in the wind direction and perpen-
dicular to the wind direction, as well as the blade root mo-
ments, was investigated. Moreover, before the meta-models
were created, the run-in times for the idling wind turbine
were determined. In this context, the following new findings
have been achieved:

1. The investigation of the run-in times showed that the
required run-in times decrease with increasing wind
speed. It turned out that the recommended run-in times
are between 60 and 800 s depending on the wind speed.

2. The findings concerning meta-modelling of the idling
wind turbine are generally similar to the findings con-
cerning meta-modelling of the same wind turbine in
normal operation.

3. However, it was found that ψ and ω have a significant
impact on the flapwise bending moment at the rotor
blade root My,Root. Therefore, these parameters should
be included in meta-models for the internal forces at
the blade root. Nevertheless, there is no need to in-
clude them in meta-models for the internal forces at the
monopile.

4. Regarding the meta-model settings, the use of the ARD
matern 3/2 covariance function in combination with no
basis function, a constant basis function, or a linear
basis function is recommended for the creation of the
meta-models.

5. Due to large seed-to-seed uncertainty in aeroelastic sim-
ulations, significantly fewer samples compared to the
entire training data set of 8500 samples are required to
create the meta-models (i.e. approximately 2500).

Nevertheless, there are some limitations to the generalisation
of this work. With regard to the aeroelastic simulations in the
time domain, only the run-in times were considered in this
study. However, due to the slow change ofMy,Root caused by
the slow rotation of the rotor, it is possible that not only the
run-in time but also the total simulation time might be factors
that should be investigated in future work. Here, the simula-
tion time could be selected, for example, to be long enough to
include one rotation of the rotor during the simulation time.
In this case, the variation in the initial azimuth angle might
no longer be as relevant for determining the DELs. Regard-
ing the run-in times, it is important to keep in mind that the
run-in times only apply to the simulation model of the NREL
5 MW reference turbine on the OC3 monopile analysed in
this work using the aeroelastic simulation code FASTv8. If a
different wind turbine, substructure, or aeroelastic simulation
code is used, the run-in times may differ from those in this
paper. Nevertheless, the run-in times given can, of course,
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provide an indication of the choice of the run-in times. Fur-
thermore, it should be noted that the meta-modelling was in-
vestigated only for six different internal forces at two loca-
tions of the offshore wind turbine and for one specific wind
turbine model. To be able to assess whether these results can
be transferred to other locations of the wind turbine or to
other wind turbine models and substructures, further inves-
tigations must be carried out. It should also be noted that
the meta-models were not created or tested for extreme en-
vironmental conditions. The meta-models were created for
the input parameter combinations covered by the 8500 sim-
ulations of the training data and tested for the input parame-
ter combinations of the 1500 test samples. In addition to the
points discussed, it should be mentioned that the use of short-
term DELs for the fatigue calculation, especially for the rotor
blades, is a simplification.

In future work, the new meta-models created in this work
can be used for the lifetime reassessment of wind turbines
to enable the consideration of idling in the lifetime reassess-
ment in addition to modelling normal operation using meta-
models. This would lead to a significant reduction in the
computational effort of the lifetime reassessment. However,
even though the meta-models in this study show a good
approximation quality, their use for lifetime reassessment
should be investigated in a further study. Furthermore, the
findings from this work can be used to create meta-models
for other simulation models of idling wind turbines. In addi-
tion, other meta-models could also be investigated, for exam-
ple, the use of a heteroscedastic Gaussian process regression.
In contrast to the homoscedastic Gaussian process regression
used in this work, heteroscedastic Gaussian process regres-
sion can take varying uncertainty (standard deviation) over
the range of input parameters into account.
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Appendix A: Additional figures

Figure A1. Initial transient behaviour of the idling wind turbine for mean wind speeds of 1 to 9 m s−1 for all considered internal forces.
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Figure A2. Initial transient behaviour of the idling wind turbine for mean wind speeds of 11 to 19 m s−1 for all considered internal forces.
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Figure A3. Initial transient behaviour of the idling wind turbine for mean wind speeds of 21 to 33 m s−1 for all considered internal forces.
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Figure A4. Comparison of the internal forces between idling and operating conditions for My,DEL, Mx,DEL, and the in-plane bending
moment at the blade root MIP,Root,DEL.

Figure A5. NRMSE depending on the number of simulations for different settings of the Kriging meta-model for the internal forces at the
monopile.
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Figure A6. Convergence study of NRMSEmeta,mean depending on
the number of training samples. The solid lines are the correspond-
ing values of NRMSEsim,meta for each internal force.
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