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Abstract. To ensure the safety of wind turbines at specific sites, IEC 61400-1 mandates the extrapolation of
loads as a key requirement. Given the variability in wind parameters across different turbine sites, particularly in
complex terrains, this task demands significant computational resources for simulations. However, the method
recommended in the standard falls short of providing comprehensive assessments and rapid iterations neces-
sary for all turbine locations in wind farm optimization designs. This paper presents a rapid load extrapolation
method, named FastLE, which is based on a load distribution meta-model and tailored for specific sites. Based
on 20 test cases, the blade root out-of-plane bending moment for a 50-year return period was calculated using
both the International Electrotechnical Commission method and the FastLE method introduced in this paper.
Through comparative analysis, the mean absolute percentage error is only 3.165 %, and the computation time
for a single calculation has been reduced from 20 h to less than 1 s. The results show that the FastLE method can
complete load extrapolation calculations for wind turbines in seconds with high accuracy. This makes it suitable
for ensuring structural integrity during iterations of wind farm layout optimization or turbine type optimization,

thereby reducing the safety risks associated with wind turbines.

1 Introduction

With the rapid development of wind energy, a growing num-
ber of new wind farms are being designed and constructed
worldwide (International Energy Agency, 2024). However,
the frequency of safety incidents caused by load-related is-
sues is also rising (International Electrotechnical Commis-
sion, 2019; Veers et al., 2019). As a result, the crucial role
of load extrapolation in ensuring the structural integrity of
wind turbines has garnered significant attention (Cao et al.,
2018). For wind turbines, the loading conditions are contin-
gent upon the turbulent inflow of wind across a spectrum of
atmospheric conditions. Consequently, statistical extrapola-
tion is essential for projecting long-term load profiles from
limited simulation datasets. This predictive exercise is cru-
cial for determining the load rates associated with key de-

sign scenarios outlined by the International Electrotechnical
Commission (IEC) standards for wind turbine design (Inter-
national Electrotechnical Commission, 2019). Similarly, it
is common for different sites in the same wind farm to ex-
perience varying wind conditions. Therefore, it is essential
to calculate the extrapolated loads for each individual site
and compare them with the design loads to ensure the safety
of the wind turbines (International Electrotechnical Com-
mission, 2019). The IEC-recommended approach requires
a minimum of 60 seeds to simulate 600s load time series
under normal operating conditions with high wind speeds.
Moreover, it demands significant computational resources
and considerable time for performing a 50-year extrapola-
tion based on the distribution of load extremes (Fogle et al.,
2008). This intensive requirement complicates the considera-
tion of extrapolated loads during the iterative optimization of
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wind farm layouts and turbine types, leading to suboptimal
solutions (Zhang et al., 2024; He et al., 2024) or protracted
optimization periods (Sarcos et al., 2024). To address this
challenge, there is a pressing need for a fast method to cal-
culate extrapolated loads tailored to specific site wind con-
ditions. This method would be essential for assessing safety
risks associated with loads at various sites in a wind farm
during the design phase. Furthermore, it would enable itera-
tive optimizations in which extreme extrapolated loads serve
as crucial constraints for enhancements in wind farm layout
and turbine types.

Numerous studies have investigated methods for calcu-
lating extreme extrapolated loads. The latest version of the
IEC 61400-1 standard mandates the calculation of these
loads as a design requirement and presents two computa-
tional pathways: “fitting before aggregation” and “aggrega-
tion before fitting” (International Electrotechnical Commis-
sion, 2019). Both approaches require extensive load simula-
tion data under normal operating conditions across various
wind speeds, making them widely adopted in the industry.
Toft et al. (2011b) have compared these two approaches and
concluded that “fitting before aggregation” yields superior
results, making it highly applicable for assessing load safety
at specific sites. Saranyasoontorn and Manuel (2006) intro-
duced the environmental contour (EC) method for coupling
wind speed distributions with extreme load distributions,
achieving promising results. Natarajan and Holley (2008)
utilized quadratic distortions to reduce the uncertainty in ex-
trapolated loads. The IEC 61400-1 standard recommends us-
ing the IFORM method (International Electrotechnical Com-
mission, 2019). To validate the applicability of various meth-
ods, Moriarty (2008) from National Renewable Energy Lab-
oratory (NREL) established two comprehensive load simula-
tion databases that cover a wide range of wind parameters.
These databases were used in the IEC Loads Extrapolation
Evaluation Exercise. The studies in Toft et al. (2011a) and
Schinas et al. (2021) further reduce the uncertainty in calcu-
lating extrapolated loads. However, there is limited research
on improving computational speed. On the other hand, in the
IEA Wind Task 37 (Dykes et al., 2017) on wind turbine and
wind farm system engineering, load constraints are essen-
tial during the optimization process. Dimitrov et al. (2018)
from DTU conducted an in-depth study on rapid assessment
methods for wind turbine loads and proposed a surrogate
model called Wind2Load, based on the Kriging regression
model and polynomial chaos expansions (PCEs), for load
assessment. This approach significantly improves computa-
tional speed compared to traditional aeroelastic simulation
tools and can be used for load safety calculations at various
locations in a wind farm. However, it does not address ex-
trapolated loads. Duthé et al. (2024) employed graph neural
networks (GNNs) and transfer learning to establish an effec-
tive fatigue load assessment model for wind farms. Similarly,
Singh et al. (2024), Bossanyi (2022), Guilloré et al. (2024),
and Pettas and Cheng (2024) have utilized machine learning
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techniques to accelerate load assessment processes. In sum-
mary, there is a notable gap in the rapid calculation methods
for site-specific extreme extrapolated loads, and the applica-
tion of machine learning presents an effective solution to this
challenge.

Therefore, this paper proposes a method for calculating
extrapolated loads of wind turbines at specific sites based on
load distribution meta-models. This method can effectively
fill the gap mentioned above and can be used for the rapid im-
plementation of load safety constraints in wind farm layout,
covering all turbine sites and during optimization iterations.
The study aims at fulfilling six points, as follows: (1) the load
distribution meta-model database created using load time se-
ries, obtained under normal operating conditions (the Monte
Carlo sampling method is employed to ensure a broad rep-
resentation of wind parameters while working with a limited
number of samples); (2) the extraction and validation of the
independent load sample; (3) the optimal selection of local
load distribution; (4) the post-processing of extrapolated ex-
treme loads, the mutual progression among local load dis-
tribution, extreme load distribution, and long-term load dis-
tribution; and (5) the training and optimization of the load
distribution meta-model and test cases.

This study employs the out-of-plane bending moment
(OOPBM) at the blade root under normal operating con-
ditions for a 50-year extreme load extrapolation, which in-
cludes design load cases (DLCs) 1.1 as specified in IEC
61400-1:2019. The research focuses on the WTG156-4.55
wind turbine model, with loads generated through simula-
tions using Bladed software.

2 Load database for extrapolation

The data utilized for extrapolation methods are derived from
time series simulations of the turbine operating across a spec-
ified wind range. The areas of meteorological towers used in
this paper are mainly in North China. Most of the meteoro-
logical towers are located in the terrain of plains and hills,
which are judged as L, M, and H classes in accordance with
the terrain in the IEC61400-1:2019 Chapter 11.2 with the ap-
proximate proportions of 50 %, 30 %, and 20 %. The low-
est height of these meteorological towers installed with wind
speed and direction sensors is 10 m and the highest height
is between 70 and 140 m, using the wind shear exponent to
uniformly extrapolate to a height of 100 m. The anemometers
used in the meteorological towers are cup anemometers:

V() = V(Zr><5> (1)

Zr

where V (z) is the wind speed at height z, z is the height above
ground, z; is a reference height above ground used for fitting
the profile, and « is the wind shear (or power law) exponent.

For specific wind parameters, simulations are conducted
according to IEC standards for DLC 1.1 load cases, with a
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Figure 1. Scatter plots, density contour lines, and kernel density estimations for various wind condition parameters at a specific site. (4 in-
dicates the measured values; the black lines represent contour lines, while those positioned along the diagonal indicate the kernel density of

each wind parameter.)

minimum duration of 10 min per time series. The resolution
of wind speed is set at 2ms~! intervals from cut-in to cut-
out wind speed. A minimum of 15 simulations is required
for each wind speed interval from (Vi—2ms™!) to cut-out
(generally, 60 simulations are used), and six simulations are
needed for each wind speed below (V-2 m s~1). For WTG
156-4.55, with a cut-in wind speed of 2.5 m s~ ! and a cut-out
wind speed of 24 m s~1 atleast 558 simulations are required.

https://doi.org/10.5194/wes-10-2577-2025

Aside from wind speed, the primary wind parameters af-
fecting the loads on wind turbines include air density, turbu-
lence intensity, wind shear, and flow inclination (Moriarty,
2008; Dimitrov et al., 2018; Kelly et al., 2014; Dimitrov et
al., 2017). For the ranges and distributions of these variables,
this study utilizes data from 541 meteorological towers in
a specific region, with the lower boundary set at the first
percentile and the upper boundary at the 99th percentile, as
shown in Fig. 1.

Wind Energ. Sci., 10, 2577-2595, 2025




2580

air density
T
o

o
©
L

074 .

0.25 A

0.20 4

Iref

0.15 4

0.10 1

0.05 -

0.4 4

0.2 4

shear

0.0 4

P. Zhang et al.: FastLE

type
+ MCSim
+ Mea

inflow angle

0.6 0.8 1.0 1.2 0.05 0.10 0.15 0.20 0.25
air density Iref

0.0 0.2 0.4 -5 0 5 10 15

shear inflow angle

Figure 2. Scatter plots, density contour lines, and kernel density estimations for various wind condition parameters (blue dot indicates
measured values, orange dot indicates MC sampled values; the solid lines represent contour lines, while the plots along the diagonal are
scatter plots of the measured values versus the sampled values for each wind parameter).

Regarding turbulence intensity, this varies with different
wind speeds. Equation (2) is used to calculate the turbulence
intensity for each wind speed based on Ii.r.

L (0.75V; 4+5.6)
e Vi
According to the distribution and range of various wind pa-
rameters in Table 1, the Monte Carlo sampling method was
used for data collection, with a sample size of 100. As shown
in Fig. 2, the statistical characteristics of the sampled data are
basically consistent with those of the original data.
The configuration of the wind turbine used in the simula-
tion is shown in Table 2.

@
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Using the Bladed software, a simulation was conducted
for 558 x 100 normal operating conditions over a duration of
10 min each, generating a database for load extrapolation. In
accordance with wind turbine design standards, the analysis
of load extrapolation concerning the structural integrity must
include at least the computation of extreme values for the
blade root in-plane bending moment (IPBM), out-of-plane
bending moment (OOPBM), and tip deflection, as shown in
Fig. 3. The IPBM and OOPBM are described using the blade
coordinate system from the Germanischer Lloyd Industrial
Services GmbH (2012), as shown in Fig. 4. The Myp is an
out-of-plane bending moment and My p is an in-plane bend-
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Table 1. Bounds of variation for the wind parameters considered. All values are defined as annual statistics.

Variable Distribution Lower bounds  Upper bounds  Unit
Air density Gaussian kernel density (Bashtannyk and Hyndman, 2001) 0.992 1.247 kg m—3
Shear Log-normal density 0.006 0422 -
Flow inclination = Log-normal density —-0.78 13.464 °
Lief Uniform density (Dimitrov et al., 2017) 0.09 0225 -
Table 2. The configuration of the wind turbine WTG156-4.55.
Parameters Unit  Value Parameters Unit Value
Rated power kW 4550 Cut-in wind speed ms™~! 2.5
Rotor diameter m 156.2 Cut-out wind speed m s1 24
Hub height m 110 Rated wind speed ~ ms~!  10.8
Design class - IIIA Rotor-rated speed rpm 9.5

Power regulation method —

Pitchable and variable speed  Rotor speed range rpm 6-9.5

ing moment. This paper focuses on the methodological expo-
sition, so the out-of-plane bending moment at the blade root
will be analyzed as an example.

IEC standards recommend load extrapolation
method

In accordance with IEC 61400-1:2019 and relevant literature,
Fig. 5 illustrates the load extrapolation process adopted in
this paper.

The benchmark method utilized in this paper for load ex-

trapolation at specific sites is outlined as follows:

1. The load time series simulation is run for different wind
speeds, from cut-in to cut-out wind speeds, under nor-
mal power production conditions. This simulation is
based on the site-specific wind parameters which in-
clude air density, turbulence intensity at different wind

speeds, wind shear, and flow inclinations. A total of 558

simulated time series loads, each lasting 600 s, are pro-

duced when the wind speed interval is set at 2ms ™.

. The “fitting before aggregation” method can be used
to ascertain the long-term distribution of the extremes.
The long-term distribution is derived by weighting these
short-term distributions in accordance with the wind
distribution, and the local peak distribution is fitted to
the peaks at each wind speed.

. Peaks are extracted from the load time series using the
block maxima method. The 600 s time series is divided
into 20 blocks, and each lasts 30s. This block length
is adequate to ensure the independence of the peaks, as
detailed in Zhang et al. (2024).

. The local peak distribution function of the extracted
peak loads is fitted using the maximum likelihood
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method. The following is the probability density func-
tion (PDF) of the Weibull distribution:

k—1
flihky) = 5<x — y) T =y ()
A A

where A (scale parameter) controls the scale of the dis-
tribution, k (shape parameter) determines the shape of
the distribution, and y (location parameter) represents
the threshold below which the probability density is
zero.

The extreme distribution for the maximum response L
throughout the time interval [0,7'] is obtained from the
distribution of local peaks as follows:

Fextreme (L|V) = Flocal(L| V)Nv (4)

where N is the expected number of independent peaks
at the wind speed V during the time interval [0,7].

. By integrating over the wind speeds, as described by

the Rayleigh distribution, the extreme distribution can
be used to derive the long-term distribution for the max-
imum response within the time interval [0,7].

Ucut-out
Flong—term (L)= Fextreme (L|V)f(V)dV (5)

Ucut-in

and

v \2
P(V)=1—exp |:_7T(2Vave> :| , (6)

where P (V) is the cumulative probability function,
f (V) can be calculated, V is the wind speed, and Ve
is the average value of V.

Wind Energ. Sci., 10, 2577-2595, 2025
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Figure 3. Basic statistical characteristic parameters under different wind speeds for sample: tip deflection (left), out-of-plane bending mo-
ment (OOPBM) (middle), and in-plane bending moment (IPBM) (right).
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Figure 4. Coordinate system of wind turbine blade.
6. The exceedance probability of the 50-year extreme load
is estimated as follows:

S ! )
long-term \ '5() » 365 x 24 x 6

@)

Lso year =

4 FastLE method

The standard extreme load extrapolation method was em-
ployed to simulate the load conditions for normal power pro-
duction of the WTG156-4.55 turbine using Bladed 4.10.0.22.
Each simulation took approximately 70 min. Utilizing a 32-
core CPU as the computational resource, the total time re-
quired for the calculations would be around 20.344h. In
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wind farms containing several, dozens, or even hundreds of
turbines, the time-intensive nature and substantial computa-
tional resource demands of this approach are clearly imprac-
tical. Consequently, overly conservative designs are often
employed, which reduce the economic viability of projects.
To address these challenges, this paper introduces a rapid ex-
trapolation method for extreme loads, utilizing a load distri-
bution meta-model called FastLE.

4.1 Independence testing

As we all know, ensuring that block maxima chosen from
each time series are independent of each other is crucial for
the statistical extrapolation method. Blum et al.’s (1961) test
has been applied to wind turbine load extrapolation by Fogle
et al. (2008). It was discovered that block sizes of approx-
imately 10-15s for OOPBM produced independent block
maxima when evaluated at the 1 % significance level using
a statistical test.

To balance the large number of data needed to fit the local
load distribution with the requirement to reduce sample num-
bers for maintaining independence, we introduce DcorrX
(cross distance correlation) as an additional test for indepen-
dence (Shen et al., 2024). DcorrX is an independence test
between two time series, where the population parameter
equals zero if and only if the time series are independent.
This method is grounded in the concept of energy distance
between distributions.

Let x and y be (n, p) and (n, q) series, respectively, which
each contain y observations of the series X, and Y;. Similarly,
let x[j:n] be the (n— j, p) last n — j observations of x.
Let y[0:(n— j)] be the (n — j, p) first n — j observations
of y. Let M be the maximum lag hyperparameter. The cross
distance correlation is defined as follows:

M

DeorrX, (x,y) = Z
Jj=0

—J Dcorrn

x[jin].y[0:@m=p]).  (8)
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where ij and Diyj represent the distance between the ith and
Jjth observations in samples x and y.

Similar to other independence tests, p values are employed
to represent the statistical probability under the premise
that two variables are independent (the population parame-
ter equals zero), serving as evidence for the mutual indepen-
dence between the variables.

For a total of 55800 samples collected under nor-
mal power production conditions, the data were catego-
rized into three types based on wind speed: the full wind
speed range, low wind speed (< 10ms~!), and high wind
speed (> 10ms~!). The independence of these three sample
groups was assessed using DcorrX. As illustrated in Fig. 6,
with a block size of 30's, 74.65 % of the overall samples was
found to be independent, 61.1 % of the low wind speed sam-
ples was independent, and 84.33 % of the high wind speed
samples was independent. It is widely recognized that lower
wind speeds contribute minimally to the tails of long-term
load distributions (Fogle et al., 2008). Consequently, increas-
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ing the block size to guarantee independence at these low
wind speeds does not aid in achieving our ultimate objective
of statistical load extrapolation. Based on the test results, the
final block size was selected to be 30s, which ensures that
the majority of load peaks are independent.

4.2 Local load distribution fitting model selection

The local peak distribution function of extracted peak loads
is typically modeled using a Weibull distribution (Fogle et
al., 2008; Yang et al., 2022). However, normal, log-normal,
and Gumbel distributions are also employed in fitting load
distributions. Due to the varying dynamic effects of wind
turbines, the distribution of peak loads can vary at different
wind speeds, as illustrated in Fig. 7.

The quality of the load distribution fitting is critical for the
extrapolation of extreme loads. In this study, the extracted
peak loads from 55 800 normal power production conditions,
with a block size of 30s, are fitted using the maximum like-
lihood method to Weibull, normal, Gumbel, and log-normal
distributions to determine their respective parameters. A chi-
squared test (Burnham and Anderson, 2002) is then per-
formed to validate these fits. The optimal model is selected
based on the Kolmogorov—Smirnov (Dixon, and Massey Jr.,
1983) goodness-of-fit test. The results are detailed in Table 3.

Wind Energ. Sci., 10, 2577-2595, 2025
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Table 3. The result of the chi-squared test and the Kolmogorov—Smirnov goodness-of-fit test for different distributions.

The pass rate of 55 800 samples

All samples Low wind speed  High wind speed

(<10ms™h (> 10ms™1)

Chi-squared test Weibull TRUE 99.958 % 99.900 % 100.000 %
p value (1 % level) 0.6739 0.6570 0.6859

Normal TRUE 99.903 % 99.767 % 100.000 %

p value (1 % level) 0.6528 0.6333 0.6668

Gumbel TRUE 99.944 % 99.867 % 100.000 %

p value (1 % level) 0.5824 0.5232 0.6247

Log-normal TRUE 0.028 % 0.067 % 0.000 %

p value (1% level)  1.2156 x 107 2.8656 x 10° 3.7033 x 107

Kolmogorov—Smirnov ~ Weibull 51.986 % 65.667 % 45.146 %
Goodness-of-fit test Normal 33.833 % 24.625 % 38.438 %
Gumbel 14.181 % 9.708 % 16.417 %

Log-normal 0.000 % 0.000 % 0.000 %

4.3 Local load distribution meta-model
4.3.1 Issue statement

In the process of extreme load extrapolation, simulating load
time series for wind turbine normal operating conditions is
the most computationally intensive and time-consuming step.
To effectively speed up the load extrapolation, this study ref-
erences certain literature to introduce wind parameters into
the meta-model for load components (Dimitrov et al., 2018;
Graf et al., 2016). The introduction of the meta-model for
load extrapolation can be implemented in the following three
ways, as illustrated in Fig. 8.

For option A, this paper limits the overall training samples
to just 100 due to the significant computational resources re-
quired. The most critical drawback is that the turbulence in-
tensity at various wind speeds for specific sites does not fully
align with the model defined in the IEC standards (Eq. 2).
This discrepancy necessitates including turbulence intensi-
ties at different wind speeds as inputs, which substantially
increase the model’s input dimensions. To adequately cover a
sufficient range of wind parameters, the total number of sam-
ples would need to be expanded, thereby presenting a limi-
tation to this option. For option B, the training dataset com-
prises a total of 55800 sub-condition samples. While this is
suitable for the meta-model overall, it leads to an increase in
the output dimensions of the meta-model. With a block size
of 30s, the output variables for a single wind speed amount
to 20 dimensions (for a 600 s load time series). Furthermore,
the order of these dimensions does not affect the results, re-
sulting in convergence issues during model training. Given
the limitations in sample size and input/output dimensions,
this paper chooses option C. The training samples employ
wind parameters from sub-conditions, and the output com-
prises the parameters of the Weibull distribution correspond-
ing to each wind speed.

https://doi.org/10.5194/wes-10-2577-2025

4.3.2 Multi-layer perceptron

In this paper, we employ a multi-layer perceptron (MLP) re-
gression model to construct the meta-model. The MLP is a
supervised learning algorithm designed to learn a mapping
function f : R™ — R from a dataset, where m represents
the number of input dimensions and o represents the number
of output dimensions. Given a feature set X = x1x2x,, and
a target variable y, the MLP can model complex non-linear
relationships for tasks such as regression. However, the MLP
has certain disadvantages, which include the fact that MLPs
with hidden layers have a non-convex loss function, leading
to multiple local minima. This means that different random
weight initializations can result in varying validation accu-
racies. Additionally, MLPs require the tuning of several hy-
perparameters, such as the number of hidden neurons, the
number of layers, and the number of iterations.

The input of the local peak distribution meta-model in-
cludes wind speed, its corresponding turbulence intensity,
wind shear, air density, inflow angle, and yaw misalignment
(configured according to the IEC standard with values of —8,
0, and 8°). The output comprises the shape parameter and
scale parameter of the Weibull distribution (with the loca-
tion parameter set to 0). Additionally, normalization is ap-
plied based on the training samples, using the method shown
in the following equation:

=K (12)
(o

where w is the mean of the training samples and o is the
standard deviation of the training samples.

Wind Energ. Sci., 10, 2577-2595, 2025
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4.3.3 Model training with the Optuna optimization
framework

Due to the need for hyperparameter tuning during MLP
model training, several variables are essential to improving
the model’s regression performance. These include the num-
ber of hidden layers, the size of each hidden layer, the ac-
tivation function used for the hidden layers, the solver for
weight optimization, and the strength of the L2 regularization
term, among others. To enable effective hyperparameter tun-
ing and optimization, this paper introduces Optuna (Akiba
et al., 2019), an open-source framework that automates the
search for optimal parameters. The workflow is illustrated in
Fig. 9.

Wind Energ. Sci., 10, 2577-2595, 2025

We employed 1440 validation samples and utilized Op-
tuna for the optimization of two objectives: minimizing mean
squared error (MSE) (objective 0) and maximizing R? (ob-
jective 1). After 1000 iterations, the trends of both objec-
tive functions demonstrated consistent behavior, as shown in
Fig. 10.

After optimization, the final optimal MLP regression
model was configured with three hidden layers comprising
42, 188, and 125 neurons, respectively. The ReLU activation
function was used, and the solver chosen was L-BFGS. A
detailed analysis of the significance of these hyperparame-
ters in the MLP regression task is presented in Fig. 11, which
highlights the activation function as the most critical factor.

https://doi.org/10.5194/wes-10-2577-2025
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The performance of the optimal model on the validation
sample is illustrated in Fig. 12. As there is no significant off-
set in the data, the location parameter gamma is set to O for
the Weibull distribution. For the shape parameter (denoted
as w_para0 in the figure), the R? between the true and pre-
dicted values is 0.885, with a 90 % confidence interval for the
error (the error is defined as error = (predicted value — actual
value) / actual value) ranging from —0.22 to 0.23. For the
scale parameter (denoted as w_paral in the figure), the R? is
0.998, with a 90 % confidence interval for the error ranging
from —0.028 to 0.028.

4.4 Post-processing

As shown in Fig. 13, for site-specific wind conditions, a de-
tailed description of the interval from Vygin to Veyi—our With
a2ms~! interval is provided. For any given wind speed V;,
the corresponding turbulence intensity TI;, wind shear o;,
and flow inclination /; are used as inputs for the local load
distribution meta-model. This allows us to obtain the param-
eters for the local load peak Weibull distribution at that wind

https://doi.org/10.5194/wes-10-2577-2025

speed. Using Eq. (4), the extreme distribution can be derived.
Subsequently, based on all wind speeds’ extreme distribu-
tions and the Weibull probability density function, Eq. (5) is
applied to determine the long-term load distribution for the
site. Finally, using Eq. (6), the extrapolated load for a 50-year
return period is calculated.

4.5 The framework of FastLE

Integrating the content from all sections in this chapter forms
a load extrapolation method based on the load distribution
meta-model, whose overall framework is shown in Fig. 14.

5 Test case

FastLE is designed to assess the structural integrity of wind
turbines during the design phase of a wind farm and does
not involve measuring load data. Therefore, the test case in
this paper utilizes the Monte Carlo sampling method to gen-
erate 20 sets of wind parameters, based on their respective
ranges and distributions. To distinguish them from the ear-

Wind Energ. Sci., 10, 2577-2595, 2025
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Figure 12. The performance of the optimal model on the validation sample.

lier 100 training and validation datasets, the test case num-
bers begin at 101, as illustrated in Table 4. The turbine model
used is WTG156-4.55, configured with the Bladed 4.10.0.22
software as detailed in Table 5 to simulate the OOPBM un-
der normal operating conditions. Following this simulation, a
load extrapolation was conducted to estimate conditions for
a 50-year return period.

Assuming all test cases employ the same wind speed prob-
ability density, modeled as a Weibull distribution with pa-
rameters A = 8.463 and k = 2, the results for one of the test
cases are depicted in Fig. 15.

For all test cases, the 50-year return period extrapolated
loads for the OOPBM calculated using the FastLE method
were compared to those derived from the IEC method, as
illustrated in Fig. 16. The absolute percentage error (APE)
ranges from 0.421 % to 6.818 %, with an average of 3.165 %.
When utilizing the P95 results from FastLE, the APE range
narrows to between 0.326 % and 4.288 %, with an average of
2.22 %. The entire process using the IEC standard method re-
quires approximately 400 h (20 test cases -20.344 h, 32 core
CPU) solely for load simulation, whereas the complete pro-
cess with FastLE takes only seconds. The results demonstrate
that FastLE can maintain high computational accuracy while

Wind Energ. Sci., 10, 2577-2595, 2025

achieving the extrapolation of extreme loads for wind tur-
bines in seconds. This capability can be used for structural
integrity assessments of wind turbines under different wind
resources and for optimizing wind farm designs with extrap-
olated loads as constraints. Of course, the simulation time re-
quired to generate the database for FastLE is approximately
2000 h (on a 32-core CPU). However, this essentially accom-
plishes a compression of the timeline via FastLE, thereby fa-
cilitating the rapid iteration of design solutions for specific
sites.

6 Discussion and conclusion

6.1 Discussion

This paper introduces FastLE, a load distribution meta-model
method specifically designed for site-specific load extrapola-
tion. This innovative approach enables the rapid and accu-
rate calculation of 50-year return period extrapolated loads
for various turbine locations in a wind farm, doing so in
mere seconds. Utilizing the WTG155-4.55 model with an
out-of-plane bending moment (OOPBM) load component,
FastLE dramatically reduces the simulation time for load ex-
trapolation from 20 h to just seconds, while maintaining an

https://doi.org/10.5194/wes-10-2577-2025
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Table 4. Wind parameter table for 20 test cases based on Monte Carlo sampling.

Test  Air density Iref  Shear Flow | Test Air density Iref  Shear Flow
case kg m73] inclination [°] | case kg m73] inclination [°]
101 1.0253  0.0930 0.1722 —0.0520 | 111 1.0621  0.0923 0.3291 0.1728
102 1.1235  0.1727 0.1798 —0.3124 | 112 1.0596 0.0947 0.2270 7.3205
103 1.0351 0.0902 0.1414 0.3331 | 113 1.0874 0.1148 0.1790 3.7014
104 1.2019 0.1126  0.3396 2.2621 | 114 1.0511 0.1325 0.1566 1.9260
105 1.1615 0.1200 0.2165 —0.1902 | 115 1.0000 0.0942 0.2265 3.3005
106 1.1057 0.1206  0.1980 1.3117 | 116 1.0702 0.1092  0.2959 1.7365
107 1.0847 0.1199 0.1697 3.2276 | 117 1.0730 0.1330 0.1511 9.9086
108 1.2321 0.1694 0.1511 4.0153 | 118 1.1937 0.1517 0.1328 0.0902
109 1.0867 0.0916 0.1592 3.2116 | 119 1.2007 0.1046  0.3765 9.0978
110 1.1964 0.1016 0.2354 1.1041 | 120 1.0607 0.1378 0.2025 5.7453
max 1.2321 0.1727 0.3765 9.9086 | min 1.0000 0.0902 0.1328 —0.3124

https://doi.org/10.5194/wes-10-2577-2025
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average absolute percentage error (APE) of only 3.165 %.
This advancement makes it feasible to incorporate extrapo-
lated loads as constraints in wind farm optimization design,
thereby ensuring the structural integrity of wind turbines at
specific sites.

The process of load extrapolation for wind turbines con-
sists of numerous steps, each with multiple implementa-
tion approaches. Taking “fitting before aggregation” as an
example, peaks are extracted from the time series using
three methods: global maxima, block maxima, and peak over
threshold. Various distributions have been applied to these

Wind Energ. Sci., 10, 2577-2595, 2025

extracted peaks, including local load distribution functions
such as the Weibull, normal, Rayleigh, and Gumbel distribu-
tions. Different approaches, methods, and parameters can all
affect the extrapolated load. Based on relevant literature, this
paper selects the recommended optimal path, which includes
using a block size of 30's, block maxima, and a Weibull dis-
tribution. The study primarily investigates the feasibility of a
rapid extrapolation method for extreme loads and does not
perform a systematic analysis of importance or parameter
sensitivity. During the selection process for the optimal lo-
cal peak distribution, the Kolmogorov—Smirnov goodness-

https://doi.org/10.5194/wes-10-2577-2025
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Table 5. Load simulation and load extrapolation configuration table.

Wind speed [m sfl]

25 45 65 85 105 13 15 165 185 20 22 24

Seeds number

6 6 6 60 60 60 60 60 60 60 60 60

Iref Using Iref based on Eq. (2) to calculate the turbulence intensity of each wind speed.
Shear The wind speeds are identical, each equal to the value of the wind condition.

Flow inclination

Air density

Yaw error The values are 8, 0, and —8. each with equal probability.

Simulation time [s]

The simulation duration was set to 650 s, and the latter 600 s was used for the data output.

Load extrapolation method

Fitting before aggregation

Block size of 30's

Local load distribution: Weibull
Wind speed distribution: Rayleigh

OOPBM_site: 102

—— IEC method
—— FastLE
L 90% CI

L5y, =16669.37 \( Lsoyr,. =16516.05

pl-]

10-11

10714

10-17

0 5000 O})OPDBO’:[kNm] 15000 20000
Figure 15. Load extrapolation results for test case 102. The solid
blue line represents the IEC method, the red line denotes the FastLE
method, the shaded area indicates the 90 % confidence interval, and
the dashed red line corresponds to the probability of 3.8 x 10~7.

of-fit test was employed for ranking the options. The Weibull
distribution emerged with the highest optimal proportion at
51.986 %, significantly surpassing other distributions. How-
ever, the normal distribution also showed a substantial opti-
mal proportion of 33.833 %, and the Gumbel distribution ac-
counted for 14.181 %. This suggests that the optimal distribu-
tion for specific wind speeds may not always be the Weibull
distribution. Nevertheless, due to the lack of a more suit-
able method at present, the Weibull distribution was predom-
inantly applied across all wind speeds. This approach could
potentially introduce errors into subsequent load extrapola-
tions. Furthermore, in analyzing the discrepancies in the ex-
trapolated OOPBM loads for test case 101, it was discovered
that the Weibull distribution was not optimal for certain wind

https://doi.org/10.5194/wes-10-2577-2025

speeds. This finding validates the aforementioned point, as
illustrated in Fig. 17. Additionally, inspired by the Interna-
tional Electrotechnical Commission (2019), local peak dis-
tributions at various wind speeds can be represented using a
Gaussian mixture model, which combines multiple Gaussian
distributions with different weights. This approach offers a
viable avenue for further research in the field.

Another crucial issue is the uncertainty analysis of Fas-
tLE. Load extrapolation is fundamentally probabilistic, and
its implementation involves several factors that contribute to
uncertainty in the results. These factors include the number
of load simulation seeds, the methods used for selecting and
testing independent samples, the determination of the opti-
mal distribution, and, notably, the training of local peak dis-
tribution parameters within the meta-model. As an example,
in the meta-model training process for the local load distri-
bution parameters in test case 106, the uncertainty can in-
fluence both the local load distribution and the extreme load
distribution, as demonstrated in Fig. 18, ultimately affecting
the load extrapolation results. However, the manner in which
these disturbances propagate during the load extrapolation
process remains unknown. Related investigations are ongo-
ing, and although this paper does not yet address this aspect,
it is undeniable that this issue is of critical importance.

6.2 Conclusion

This paper introduces FastLE, a rapid load extrapolation
method based on meta-models and tailored to specific site
conditions. By leveraging extensive historical statistical data
to determine the range of wind conditions, we employed
Monte Carlo sampling to create a training and validation
set consisting of 100 cases (including 55 800 samples) and
20 test cases (including 11 160 samples). The WTG156-4.55
was simulated using Bladed software under 600 s of normal
operational conditions, with the out-of-plane bending mo-

Wind Energ. Sci., 10, 2577-2595, 2025
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ment (OOPBM) chosen as the load for study, thereby gen-
erating the data sources for this research. To ensure the in-
dependence of local peak loads, the DcorrX test was intro-
duced, and the Kolmogorov goodness-of-fit test identified the
Weibull distribution as optimal for the load. Meta-models for
wind to Weibull parameters were trained using Optuna. Fi-
nally, the FastLE and IEC standard methods were applied to
extrapolate the OOPBM for 50-year return periods across 20
test cases. The FastLE method achieves an average absolute

Wind Energ. Sci., 10, 2577-2595, 2025

percentage error (APE) of 3.165 % while reducing compu-
tation time to mere seconds — significantly faster than the
previous 20 h of the IEC standard method. This advancement
enables the use of extrapolated loads as constraints in opti-
mizing the design of each wind turbine in a wind farm, ensur-
ing the structural integrity of wind turbines at specific sites.
Nonetheless, this paper primarily aims to demonstrate
the feasibility of the method. There remains a considerable
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Figure 18. Local load distributions and extreme load distributions derived from the meta-model and simulated data fitting at various wind
speeds for test case 106. Red denotes the simulated values, while green represents the predicted values.

amount of work to be done in the future to further refine and
enhance this approach.

1. Uncertainty analysis is crucial due to the multitude of
factors that can introduce uncertainties. These factors
encompass the variability of wind parameters across
different ranges and distributions in the database, the se-
lection of independent samples, the determination and
fitting of the optimal distribution, the training of meta-
models, and the post-processing steps. Ultimately, these
uncertainties can impact the reliability of the extrapo-
lated load results.

2. Sensitivity analysis is vital because various approaches,
methods, and parameters employed in the load extrap-
olation process can influence the outcomes. Thus, con-
ducting a systematic sensitivity analysis is necessary.

3. Research into the optimal fitting method for local peak
distributions is essential. The statistical findings in this
paper indicate that no single distribution can optimally
fit every wind speed. Thus, it is crucial to identify a
distribution that serves as the best fit for each sample,
thereby minimizing the uncertainty of the extrapolated
load.
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