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Summary

To make offshore wind energy cost effective there is a need to reduce the Cost of Energy (CoE).
The aim of work package 3 of the D4REL project is to investigate where cost reductions in the
support structure are possible while keeping a sound and safe design. Probabilistic design methods
(structural reliability methods) are used to study whether there is any conservatism in the design
of support structures.
For the probabilistic analysis, a modern 4MW offshore wind turbine is selected. In the probabilistic
design approach, the limit state condition is adopted. The limit state function g is the difference
between the resistance R and the load L. For a safe design the limit function should be larger than
zero. In structural reliability the design point is determined where the limit state function is zero.
Three limit state functions are considered:
1.
2.
3.

A fatigue limit state;
An ultimate limit state on the yield stress;
An ultimate limit state on the global buckling stress.

A generic reliability analysis approach is taken by coupling the aeroelastic simulation tool TURBU
with the open source reliability analysis tool FERUM. The First Order Reliability Method (FORM) is
used since it calculates the influence of the stochastic variables with respect to the variance of the
limit state function.
Based on the selected stochastic variables, the fatigue and ultimate buckling limit state show a
smaller probability of failure than the target probability of 10-4 according to the standard. It is
shown that the translation of this smaller probability of failure to a reduced partial safety factor is
not straightforward.
In the ultimate limit state the uncertainty of the soil stiffness has a large influence. As requested
by Van Oord, the uncertainty of the soil properties of the different soil layers is investigated. The
contribution of the clay layer to the uncertainty of the limit state function is with 80-90% the
largest.
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1. Introduction

To make offshore wind energy cost effective there is a need to reduce the Cost of Energy (CoE).
The aim of work package 3 of the D4REL project is to investigate where cost reductions in the
support structure are possible, while keeping a sound and safe design. Probabilistic design
methods (structural reliability methods) are used to study whether there is any conservatism in
the design of support structures.
At this moment the design of support structures for offshore wind turbines is done through a
collaboration between the wind turbine manufacture and a specialized support structure design
company like Ramboll and Van Oord. The support structure consists of a foundation, a transition
piece and a tower. The tower is designed by the wind turbine manufacturer, while the foundation
and transition piece are designed by the engineering company. The structural design is subjected
to partial safety factors as prescribed in the IEC61400-1 standard or the DNV-OS-J101 standard.
Partial safety factors are applied to compensate for uncertainties in the design process. Improved
knowledge may help to reduce these factors and hence contribute to reduction in Cost of Energy
(CoE) without compromising the reliability of the design.
As an alternative to apply partial safety factors, probabilistic design methods can be considered. In
the past, for instance the Prodeto project, probabilistic design methods were already used by ECN
for wind turbines. The focus in this work package will lay on the support structure while taking the
complete offshore wind turbine system into account.
The goal of this report is to present the results of the probabilistic analysis for the generic ECN
4MW wind turbine. First the metocean data and the wind turbine used in the analysis are
discussed, followed by a description of the generic probabilistic analysis approach applied. The
probabilistic analysis is performed for the fatigue limit case and the ultimate buckling limit state as
reported in chapter five and six respectively. The results of the fatigue and ultimate limit state
analysis are applied in chapter seven to determine the partial safety factors of the stochastic
variables.
In the ultimate limit state, the uncertainty of the soil stiffness has a large influence. In chapter
eight the uncertainty of the soil properties of the different soil layers is investigated.
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2. Metocean conditions

For the probabilistic analysis the wind and wave loads on the offshore wind turbine are calculated
for site-specific environmental conditions. The selected site is located North of the Dutch Wadden
Isles in 30m water depth. For the selected location two sources were used for the environmental
data.
1. DHI-WASY metocean report[15];
2. Twenty years of hindcast data as provided by Argos.
The number of sea states taken into account during the load calculation largely determines the
computational effort needed for the probabilistic analysis. Three metocean data sets with a
different number of sea states are considered.
1. A complete set of 20-year three-hours metocean hindcast data
2. 4D-histogram of binned mean wind speed 𝑢, significant wave height 𝐻𝑠 , wave peak period
𝑇𝑝 and wind wave misalignment 𝜃;
3. A lumped data set of twelve three-hour sea states.
The lumped sea states are based on two-dimensional scatter diagrams as provided in the
appendices of the metocean report [15]. The lumped sea states are based on the bins in the
scatter diagram with the highest occurrences. Figure 2-1 shows the significant wave height 𝐻_𝑠
and the mean wind speed at hub height 𝑢. Figure 2-2 shows the significant wave height 𝐻𝑠 versus
the wave peak period 𝑇𝑝 .
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Figure 2-1 Scatter diagram of mean wind speed at hub height U and the significant wave height Hs.

Figure 2-2 Scatter diagram of wave peak period Tp and significant wave height Hs.

The twelve lumped sea states with wind speed at hub height 𝑢, significant wave height 𝐻𝑠 and
wave peak period 𝑇𝑝 are given in Table 2-1 together with the peak shape parameter 𝛾.
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The applied definition of the peak shape parameter is according to DNV-RP-C205 [8].
𝛾 = 5 for

Tp
≤ 3.6
sqrt(Hs )

𝛾 = exp(5.75 − 1.15 ∗ (
𝛾 = 1 for 5 ≤

Tp
sqrt(Hs )

Tp
Tp
) for 3.6 <
<5
sqrt(Hs )
sqrt(Hs )

Table 2-1 Twelve lumped sea states.

Case Wind velocity Significant wave height Spectra Peak Period peak shape parameter (γ)
[m/s]

[m]

[s]

[-]

1

3

0.375

4.5

1.00

2

5

0.625

4.5

1.00

3

7

0.875

4.5

1.24

4

9

1.125

5.5

1.00

5

11

1.375

5.5

1.43

6

13

1.875

6.5

1.34

7

15

2.375

7.5

1.17

8

17

3.125

7.5

2.39

9

19

3.875

8.5

2.19

10

21

4.375

9.5

1.69

11

23

5.125

9.5

2.52

12

25

6.375

10.5

2.63

The probability of occurrence of a lumped sea state is determined using a Weibull distribution of
the mean wind speed with shape parameter 𝑘 of 2.15 and scale parameter 𝑐 of 10.57.
The 4D scatter histogram is based on the twenty year three-hour metocean sea states binned over
the mean wind speed at hub height, wind-wave misalignment, the significant wave height and
wave peak period. Only the wind bins between cut-in 4m/s and cut-out wind speed 25m/s are
considered with a bin width of 2m/s. The significant wave height is binned with a bin width of
0.50m between 0.25m and 9.25m. The wave peak period is binned with a bin width of 0.5s
between 1.75s and 23.75s. Finally the wind-wave misalignment is binned with a bin width of
30deg between 0deg and 360deg. For every bin, the number of occurrences in the twenty year
data set is counted. The probability of occurrence of the bin can therefore be determined and
applied in the probabilistic analysis.
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3. Structural reliability
method

3.1

Methodology

In the probabilistic design approach the limit state condition is considered. The limit state function
𝑔
is the difference between the material resistance 𝑅 and the load strength 𝑆.
𝑔 =𝑅−𝑆
For a safe design the limit function should be larger than zero. In structural reliability, the design
point is determined where the limit state function is zero. The design point is the shortest distance
to the mean of the stochastic material resistance and load strength variables. Three limit state
functions are considered:
1.
2.
3.

A fatigue limit state;
An ultimate limit state on the yield stress;
An ultimate limit state on the global buckling stress.

In probabilistic analysis the variables 𝑅 and 𝑆 are described by a probability density function. The
shaded area in Figure 3-1 corresponds with the probability of failure, where load 𝑆 is larger than
resistance 𝑅.

Figure 3-1 Probability load Strength S and material resistance R. The blue area is the probability of failure [2].
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In the frame work report [2] for reliability assessment it was decided to apply level III methods,
where the stochastic variables are modelled by their distribution functions. Several methods are
available:





Simulation techniques, where samples of the stochastic variables are generated and the relative
number of samples is used to estimate the probability of failure. The simulation techniques like
Monte Carlo can be used as validation for more complex techniques like FORM and SORM (see
below).
First Order Reliability Method (FORM) techniques, where limit state function is linearized and the
reliability is estimated using level III methods.
Second Order Reliability Method (SORM) techniques, where a quadratic approximation to limit
state function is determined and probability of failure for the quadratic failure surface is estimated.

The FORM techniques, Figure 3-2, are a suitable option for reliability assessment of monopile
structures. The advantage of FORM is the information on the importance of the selected stochastic
variables to the total variance of the limit state function. Therefore, a FORM based reliability tool
will be used in this report. Tools based on the FORM method result in a reliability index 𝛽, which is
a measure of the reliability of a component. The reliability index is defined in the equation below,
where Φ() is the standardised normal distribution function and 𝑃𝐹 (t) is the cumulative probability
of failure in time interval 𝑡.

Figure 3-2 First Order Reliability Method (FORM)[31] .

𝛽 (𝑡) = −Φ−1 (𝑃𝐹 (𝑡))

Figure 3-3 shows a definition in case the limit state 𝑔 is normal distributed.

ECN-E--17-069
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Figure 3-4 Probability of limit state Z [31].

3.2

Implementation of reliability method

A fully integrated load analysis is included in the structural reliability method of a monopile
supported offshore wind turbine. To do so, TURBU is coupled with the reliability analysis tool
FERUM [4]. FERUM considers a set of stochastic variables and iteratively varies them in order to
find the zero of a limit state function, i.e. the design point. In the search for the design point,
stochastic input variables can be included in the analysis, where the load set is recalculated in case
the input is changed. The limit state function value represents the failure state for the wind
turbine. Two criteria are adopted to assess convergence of the iterative algorithm:


Relative residual: convergence is reached when
𝑔
< 𝑒1
𝑔0
With 𝑔 and 𝑔0 being the limit state function values at the current and initial step respectively
and 𝑒1 the considered tolerance level (in this analysis 10-2)



Step in gradient direction: convergence is reached when
𝑥𝑖 − 𝛼 𝑇 ⋅ 𝑥𝑖 ⋅ 𝛼 < 𝑒2
With 𝑥𝑖 being the current set of stochastic values, 𝑒2 the considered tolerance level (in this
analysis 10-2) and 𝛼 the unit vector in the gradient direction:
𝛼 =

∇𝑔
|∇𝑔|

A flowchart representing the steps performed in the coupled tool is shown in Figure 3-5. The loads
as provided by TURBU are updated only if the load input variables vary from the previous
calculated cases.
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Figure 3-5 Flowchart for the coupled reliability analysis tool.
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4. Wind turbine model

The use of nonlinear aeroelastic codes like PHATAS [17] for design load calculations is necessary.
The drawback of these nonlinear tools is the required computational time, which is longer than
real time. In the D4REL project, the number of simulated load cases during a reliability analysis is
larger than the number of load cases required during standard design. Each time stochastic input
variables change, a recalculation of the load set is needed in the search for the design point. A
good alternative is the linear aeroelastic ECN code TURBU [29], which requires only a limited
amount of time to compute a number of one hour time series. In the We-at-Sea project
Turbu@Sea [23], ECN showed already that the correspondence between PHATAS and TURBU is
good. TURBU models the wind turbine with sufficient accuracy.
In the D4REL project, the same generic ECN 4MW wind turbine as modelled in the WiFi-JIP project
is used [22]. A TURBU model is created, considering the ART 5MW model [3] as a base. To
achieve a model that was close to the required specifications, changes were made to the tower,
the blades and the controller. The main characteristics are reported in Table 4-1
Table 4-1 Main characteristics of the reference 4MW wind turbine.

Rotor diameter [m]

130.0

Hub height (above mean sea level) [m]

92.4

Tower top (above mudline) [m]

117.0

Pile diameter (at mudline) [m]

7.0

Average water depth [m]

30.0

The first two bending modes of the support structure are shown in Figure 4-1.

The implementation of TURBU is based on a modular linear model, with control loops included: for
the model details, the reader is addressed to references [29, 23]. Savenije and Peeringa [23]
already presented that the comparison between the bending moment the power spectral
densities estimated by the validated non-linear time domain code PHATAS [25] and TURBU shows
Page 14 of 44
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good overall agreement across the whole operating range. Also for the TURBU and PHATAS
models of the generic ECN 4MW wind turbine, the power spectral density of the for-aft and sideway tower bending moments are compared for a wind speed below rated 8m/s and above rated
15m/s. The for-aft bending moment below rated shows good comparison up to about 0.5Hz,
Figure 4-2. Above rated, the correspondence between PHATAS and TURBU up to 1Hz is good,
Figure 4-3. For the side-way bending moment, the comparison is good for both below and above
rated up to the second tower bending mode (1.25Hz). See Figure 4-4 and Figure 4-5. It is
concluded that the TURBU model is accurate enough to apply in the load calculations.

Figure 4-1 First two bending modes of the support structure.

ECN-E--17-069
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Figure 4-2 Power spectral density of for-aft tower bending moment at 8m/s wind speed.

Figure 4-3 Power spectral density of for-aft tower bending moment at 15m/s wind speed
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Figure 4-4 Power spectral density of side way tower bending moment at 8m/s wind speed

Figure 4-5 Power spectral density of side way tower bending moment at 15m/s wind speed

ECN-E--17-069
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5. Fatigue limit state

5.1

Introduction

The reliability analysis is performed with the aim to obtain a reliability factor 𝛽 and the inherent
failure probability for a structure. These values should be compared with the values provided by
the normative DNV OS-J101 [11], which prescribes a failure probability of 10-4 and 10-5 for
unmanned and manned offshore structures respectively.

5.2

Fatigue model

The total fatigue damage 𝐷 is then calculated by using the Palmgren-Miner rule as follows:
𝑁

𝐷=∑
𝑖=1

𝑛𝑖
𝑁𝑖

where 𝑖 refers to the bending moment bin and 𝑛𝑖 are the stress cycles experienced during 20 year
lifetime.
The stress range Δ𝜎𝑖 is calculated using the Navier formula:
∆𝜎𝑖 =

∆𝑀 𝐷𝑜𝑢𝑡
𝐼 2

where ∆𝑀 is the bending moment range and 𝐼 the area inertia, estimated as
𝐼=𝜋

𝐷𝑜𝑢𝑡 4 − 𝐷𝑖𝑛 4
64

where 𝐷𝑜𝑢𝑡 and 𝐷𝑖𝑛 are respectively the external and internal diameter of the tower bottom.
For each stress range, Δ𝜎𝑖 , the fatigue life was calculated by means of a two-slope S-N curve. Ni is
the number of stress cycles to failure at Δ𝜎𝑖 . The two-slope S-N curve considered was taken from
the Offshore Standards DNV-OS-J101 [11] for a weld in a tubular joint, in seawater with cathodic
protection (Curve T).
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The two-slope S-N curve is represented by the following equation:
𝑁𝑖 = 10

log10 𝑎

[Δ𝜎𝑖 (

𝑡
𝑡𝑟𝑒𝑓

𝑘 −𝑚

) ]

where




log10 𝑎 is 11.764 for 𝑁𝑖 lower than 10 , and 15.606 for 𝑁𝑖 greater than 10 .
𝑡 is the tower wall thickness at the considered tower height in m.
𝑡𝑟𝑒𝑓 is the reference thickness equal to 0.032 m.



𝑚 is the negative slope of the S-N curve on logN-logS plot. It was set equal to 3 for 𝑁𝑖 lower than
6
6
10 , and 5 for 𝑁𝑖 greater than 10 .

5.3

6

6

Structural reliability assessment

The fatigue limit state 𝑔 is defined. This should be zero when the turbine fails, so when fatigue
damage 𝐷 equals to 1. The adopted limit state function is:
𝑔 =∆−𝐷
where ∆ is the model uncertainty, assumed with mean of 1 and standard deviation of 0.30.
The reliability analysis is conducted by considering both the First Order Reliability Method (FORM)
and the Second Order Reliability Method (SORM). The reliability index 𝛽 and the failure
probability 𝑝𝐹 for a given set of stochastic variables are provided. The target failure probability for
this type of applications is 10-4, considering a reference period of 20 years as suggested by DNV-GL
is. This approximately corresponds to a reliability index 𝛽 of 3.8.
The cumulative damage D is calculated considering Miner’s rule and the rain flow count of the foraft bending moment at the mudline. The mudline is considered as reference structural location
because preliminary analyses on the baseline design indicated the highest standard deviation of
the stress in that section, as showed in Figure 5-1. Maximum fatigue loads are therefore assumed
to occur in this section, which can be considered as design-driving. A complete reliability analysis
for every tower section is not practical due to the excessive computational time.

ECN-E--17-069
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Figure 5-1 Standard deviation of the bending stress with respect to the tower section for different wind speeds.

The choice of stochastic and deterministic variables is of great importance to the final result of the
sensitivity analysis. A selection based on literature studies [26, 27, 30] and international standards
[9, 14] is conducted in the present analysis to perform the most reliable estimation of the
reliability index. The values of the stochastic variables are reported in Table 5-1 and Table 5-3.
Different reliability campaigns were performed considering multiple sets of variables. An
uncertainty on the linear TURBU model is not explicitly considered as it is included in the
uncertainties in the input parameters and in the Miner's rule. Moreover, different simulations are
conducted considering the same input parameters but different stochastic seeds. Therefore the
output provided by the model varies. This approach has the advantage of avoiding the estimation
of a model uncertainty and is adopted also by authors in literature [34, 35].
In this report the results of two different structural reliability assessments on fatigue will be
discussed. The first assessment has three different sized metocean data sets. For each data set the
fatigue load cases are calculated in advance. The structural reliability assessment is on the
response only.
The second assessment is a fully integrated one. Now also the selected stochastic input
parameters are part of the structural reliability assessment. This means that each time the value of
the input parameters change during the assessment the fatigue load cases should be recalculated
for the new input.

5.3.1 Fatigue limit state assessment for lumped, 4D scatter and a 20 years data set
of sea states
To investigate the sensitivity of the load analysis on the number of sea-states considered in the
structural reliability analysis, three different sized data sets with sea states are considered.
1. A complete set of 20-year three-hours metocean hindcast data
2. 4D-histogram of binned mean wind speed 𝑢, significant wave height 𝐻𝑠 , wave peak period
𝑇𝑝 and wind wave misalignment 𝜃;
3. A lumped data set of 12 three-hour sea states.
For all data sets three yaw misalignments are considered -8deg, 0deg and 8deg for each sea state.
For the lumped case two one hour simulations are performed using two seeds for every yaw
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misalignment. For the scatter and lifetime data set one one-hour simulation is done for each yaw
misalignment.
The fatigue life is calculated for twenty years. In case of the 4D-histogram the sea state is weighted
for the occurrence in twenty years based on the histogram. In case of the lumped data set the sea
states are weighted by the occurrence of the wind speeds. The wind speeds are distributed
considering a Weibull distribution with shape parameter k of 2.15 and scale parameter c of 10.57
representing the site-specific wind conditions.
Because of the computational time involved in simulating the loads of a 20-year dataset, the
fatigue load cases are calculated in advance. The stochastic variables selected are related to the
damage calculation, like Δ for Miner’s rule and log(C1) and log(C2) for the SN-curve. See Table 5-1.
Table 5-1 Stochastic variables adopted in the reliability analysis for the different metocean data sets.
Variable
Log(C1) SNcurve
Log(C2)SNcurve
Δ (Miner’s rule)

Unit

distribution

Μ

σ

Reference

Log(Pa3)

Normal

12.164

0.2

[18]

Log(Pa5)

Normal

16.106

0.25

[18]

-

Lognormal

1

0.3

[9]

The reliability index 𝛽 and the probability for the different metocean data sets are presented in
Table 5-2. The target reliability of DNV-GL is met by all data sets. However looking at the
probability of failure there is orders of difference. Based on the analysis the lumped data set is the
most conservative one.
Table 5-2 Results of reliability assessment with different metocean data sets
𝛽

Metocean data

Probability

Lumped

6.1

6.55E-10

4D histogram

8.3

5.47E-17

20-year hindcast

7.0

1.35E-12

Different 𝛽 values are observed depending on the metocean data set. Meaning that content of the
metocean data set matters. The lumped one shows the most conservative result.

ECN-E--17-069
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5.3.2 Fatigue limit state assessment with fully integrated load analysis
Due to the computational time involved the lumped metocean data set is selected for the fully
integrated load analysis.
The stochastic variables considered in the analysis are given in Table 5-3.

Table 5-3 Stochastic variables adopted in the reliability analysis with fully integrated load analysis.
Variable

Unit

Distribution

μ

σ

CoV

Reference

Log(C1) SN-curve

Log(Pa3)

Normal

12.164

0.2

-

[18]

Log(C2)SN-curve

Log(Pa5)

Normal

16.106

0.25

-

[18]

Δ (Miner’s rule)

-

Lognormal

1

0.3

-

[9]

Pa

Lognormal

210E9

-

0.02

[26]

CD

-

Normal

0.7

0.1

-

[30]

CM

-

Normal

2.0

0.1

-

[30]

Soil stiffness

Nm/rad

Lognormal

6.603E10

-

0.2

[14]

E Young’s
modulus

The results of the fully integrated fatigue assessment are reported in Table 5-4 along with the
number of limit state function (LSF) calls. The 𝛽 values are sensibly higher than the value
prescribed by DNV-GL.
Table 5-4 Results for the reliability analysis with fully integrated load analysis.
Analysis

β [-]

pF [-]

LSF calls [-]

FORM

6.35

1.08E-10

219

SORM

6.31

1.41E-10

132

The FORM analysis provides information on the influence of the stochastic variables to the
variance of the limit state function. The is expressed by the so-called importance factor 𝛼 2 . A chart
showing the different contributions is shown in Figure 5-2. The greatest influence to the reliability
index is given by the log(C2) value considered in the SN-curve and the model uncertainty Δ in the
Miner's rule.
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Figure 5-2 Influence of the stochastic variables to the variance of the limit state function.

Given the strong influence shown by two parameters, two additional reliability campaigns are
performed to verify the sensitivity of the reliability index factor to a reduced parameter set. The
use of a reduced number of stochastic variables leads to a reduced computational time. The subset of stochastic variables is:
 Campaign 2a: log(C1), log(C2), Δ, CM, Soil stiffness.
 Campaign 2b: log(C1), log(C2), Δ, CD,CM.
The results for these campaigns are reported in Table 5-5. The difference between the first and
second campaign in reliability index 𝛽 and failure probability 𝑝𝐹 values is very small.
Table 5-5 Results for the second reliability analysis campaigns.
Campaign

2a

2b

ECN-E--17-069

Analysis

β[-]

pF [-]

LSF calls [-]

FORM

6.32

1.28E-10

183

SORM

6.28

1.68E-10

144

FORM

6.37

9.39E-11

175

SORM

6.37

9.37E-11

64
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5.3.3 Conclusions
The present work shows how the integration of full load calculations with TURBU and probabilistic
design method (FORM and SORM) is accomplished by linking a limit state function to the fatigue
load at mudline.
The coupled tool was adopted to perform the reliability analysis of a 4 MW reference wind
turbine. The results show how the main contributors to the variance of the limit state function are
the uncertainty on the Miner's model Δ and the log(𝐶2)} parameter in the SN-curve. The analysis
moreover shows that the reliability index for the full parameter set and for parameter sub-sets is
higher than recommended by DNV-GL. There is therefore room for design optimization.
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6. Ultimate buckling limit
state

In this chapter, the limit state function for ultimate loads will be developed. For this ultimate limit
state function, the characteristic 50-year load is needed. This characteristic load is determined
based on extreme value statistics. First the determination of the characteristic load will be
discussed followed by the selection of the limit state function.

6.1

Statistical extrapolation of wind turbine responses

6.1.1 Introduction
During its lifetime a wind turbine is subjected to a variety of wind conditions and wave conditions.
Both wind and waves are of stochastic nature and should be accounted for during the wind
turbine design. For the wind turbine responses driven by the environmental conditions like the
blade and tower loads and displacements, an extreme response analysis is required. In the case of
ultimate wind turbine responses, extreme value statistics should be applied to the wind turbine
responses. A general introduction in extreme value statistics can be found in [12, 5, 7]. More
information about the extreme value analysis for wind energy application can be found in [6, 19,
20].
In load case DLC 1.1 of the third edition of the IEC61400-1 standard [13], the ultimate responses
during power production are estimated using extreme value theory. Aim of this statistical
extrapolation is to determine the extreme load with a return period of 50 year. This means that
the mean period between two 50-year responses is 50 year. In order to calculate the 50-year
extreme response 𝐿50 , the long-term extreme response distribution needs to be estimated. This
long-term extreme response distribution is found by integrating the long-term environmental
distribution with the short-term extreme response distribution. The long-term response
distribution 𝐹𝑙𝑜𝑛𝑔 is the weighted average (convolution) of the conditional short-term probability
distribution per mean wind speed of the response 𝐿 is given by:
𝐹𝑙𝑜𝑛𝑔 = ∫𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢)𝑓𝑢 (𝑢)du
𝑣

In [13], the long-term environmental distribution is a Weibull distribution of the 10-minute mean
wind speed 𝑓𝑢 (𝑢). The wind speed series is divided in a number of wind speed bins and, for every
bin, simulations are performed with a state of the art aeroelastic tools. All the important features
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of the wind turbine are captured with this approach. The design loads are calculated using a
turbulence wind model to account for the stochastic nature of the wind. For every wind bin, a
number of simulations are performed using different turbulent wind fields having the same mean
wind speed and turbulence. Because of the different turbulent wind fields, every simulation will
result in a different maximum load. Using these maxima, a short-term extreme response
distribution 𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢) conditional on the wind speed is estimated for every wind speed bin. By
using wind speed bins, the integration is changed in a summation
𝐹𝑙𝑜𝑛𝑔 (𝐿) = ∑𝑖 𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢𝑖 )𝑓𝑢 (𝑢𝑖 )Δu𝑖
𝑄𝑙𝑜𝑛𝑔 (𝐿) = 1 − 𝐹𝑙𝑜𝑛𝑔 (𝐿) = ∑(1 − 𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢𝑖 ))𝑓𝑢 (𝑢𝑣𝑖 )Δu𝑖
𝑖

Instead of the long-term extreme response distribution 𝐹𝑙𝑜𝑛𝑔 , the probability of exceedance
distribution 𝑄𝑙𝑜𝑛𝑔 is used to determine the 50-year response 𝐿50 . In the reliability analysis, the
wind and wave loads and responses are simulated over 1-hour periods. This means that the
probability of exceedance level associated with a 50-year return period should be based on the
number of 1-hour periods during 50 year
𝑄𝑙𝑜𝑛𝑔 (𝐿50 ) =

1
50×365×24

= 2.3 × 10−6

Important parameters in the statistical extrapolation process are:





The number of time series (simulations) needed per wind speed bin;
Selection of maximum or minimum responses from time series for every wind bin;
Estimation of conditional short-term probability distributions;
Estimation of 50-year response.

For the reliability analysis, the selected approach is described next.

6.1.2 Number of time series and data selection
The first question to be answered in the case of a statistical extrapolation analysis of wind turbine
responses is the number of simulations needed to estimate a 50-year response. The number of
time series depends on the number of maxima selected from a time series. The extreme value
analysis is performed based on the selected maxima in the time series. Three data selection
methods are available:
4. Global maxima;
5. Block maxima;
6. Peak Over Threshold (POT) maxima.
The main difference between the Global maxima method, the Block maxima method and the Peak
Over Threshold method is the amount of data used from every 1-hour time series.
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Figure 6-1 Example of a global maximum.

The Global maximum selection uses only one peak for the entire time series, see Figure 6-1. The
Block maximum method and the Peak Over Threshold (POT) method use more peaks (maxima) for
the time series. In the Block maximum method, the time series is divided by cutting the time series
in a number of blocks and taking the maximum in each block. See Figure 6-2. The number of blocks
should not be too large, because in the statistical extrapolation analysis it is assumed that the
maxima are independent. For operating wind turbines this means that a sufficient number of
blade revolutions should be considered. In the reliability analysis, the number of 1-hour time
series per wind bin is 10 and the block size is 100s (i.e. 36 blocks per 1-hour, 360 blocks per bin).

Figure 6-2 Example of selection of block maxima.
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6.1.3 Short-term probability distributions
Since TURBU is a linear aeroelastic code, the response time series are also linear. This means that
the time series is normal distributed, the amplitudes of the time series are Rayleigh distributed
and the maxima of the time series are Gumbel distributed. For this reason the Gumbel distribution
is selected as the short-term extreme response distribution 𝐹𝑠ℎ𝑜𝑟𝑡 .
𝐿−𝜉
))
𝛼
The Gumbel distribution is defined for a response 𝐿 with 𝛼 as the scale parameter and 𝜉 as the
location parameter.
𝐹𝐺𝑢𝑚𝑏𝑒𝑙 (𝐿|𝑢) = 𝑒𝑥𝑝(−𝑒𝑥𝑝(−

Aim of the statistical extrapolation of the wind turbine responses is to determine the 50-year
response of the wind turbine. For this 50-year response to be estimated, a long-term distribution
of the extreme response is needed.
For the Block maxima method and the POT method, the short-term distribution has to be
transformed to the 1-hour equivalent short-term distribution 𝐹1−ℎ𝑜𝑢𝑟 (𝐿|{𝑢). When only the global
maximum of each time series is used the short-term distribution is

𝐹1−ℎ𝑜𝑢𝑟 (𝐿|𝑢) = 𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢)
The short-term distribution for the Block maxima refers to a distribution for a maxima in a block.
For a distribution of the maxima in a period of 1-hour, the short-term distribution of block maxima
is transformed with the number of blocks 𝑛𝑏 in a time period T as in equation :
𝐹1−ℎ𝑜𝑢𝑟 (𝐿|𝑢) = 𝐹𝑠ℎ𝑜𝑟𝑡 (𝐿|𝑢)𝑛𝑏
To determine the 50-year response, the long-term exceedance probability distribution 𝑄𝑙𝑜𝑛𝑔 is
considered. The 50-year response is estimated numerically using the Regula Falsi (False Position)
method. In the Regula Falsi method we are looking for the response 𝐿 corresponding with the
function 𝑔(𝐿) = 𝑄𝑙𝑜𝑛𝑔 (𝐿) – 2.3 ∙ 10−6 = 0.0.

6.2

Selection of Ultimate Limit State function

For the definition of the limit state for the ultimate loads, the approach from Uys [28] is followed.
Two limit state function are defined: one for the yield stress 𝑓𝑦 and one based on the critical
buckling stress 𝜎𝑐𝑟 .
For yield:
𝑔 = 𝑓𝑦 − 𝜎𝑛𝑜𝑚
For buckling:
𝑔 = 𝜎𝑐𝑟 − 𝜎𝑛𝑜𝑚
The nominal normal stress 𝜎𝑛𝑜𝑚 is defined as:
𝜎𝑛𝑜𝑚 =
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where 𝑁𝑗 is the axial force, 𝑀𝑗 the bending moment, 𝐴𝑗 the cross sectional area, 𝐼𝑗 the inertia and
𝐷𝑗 the average diameter of the 𝑗 𝑡ℎ section. The axial force and the bending moment are the 50year loads based on statistical extrapolation.
The critical buckling stress of the 𝑗 𝑡ℎ segment is given by DNV-RP-C202 recommended practice
[10].
𝜎𝑐𝑟𝑗 =

𝜆𝑗2 =

𝜎𝐸𝑎𝑗

𝑓𝑦
√1 + 𝜆𝑗4

𝑓𝑦
𝜎𝑎𝑗
𝜎𝑏𝑗
+
(
)
𝜎𝑎𝑗 + 𝜎𝑏𝑗 𝜎𝐸𝑎𝑗
𝜎𝐸𝑏𝑗

𝑡𝑗
𝜋 2𝐸
= (1.5 − 50 𝛽)𝐶𝑎𝑗
( )
2
12(1 − 𝜈 ) 𝐿𝑒𝑗

𝜎𝐸𝑏𝑗 = (1.5 − 50 𝛽)𝐶𝑏𝑗

𝑡𝑗
𝜋 2𝐸
( )
2
12(1 − 𝜈 ) 𝐿𝑒𝑗

2

2

𝐶𝑎𝑗 = √1 + (𝜌𝑎 𝜁)2 and 𝐶𝑏𝑗 = √1 + (𝜌𝑏 𝜁)2

𝑅𝑎𝑣𝑗
𝜌𝑎 = 0.5 (1 +
)
150𝑡𝑗

0.5

𝑅𝑎𝑣𝑗
and 𝜌𝑏 = 0.5 (1 +
)
300𝑡𝑗

−0.5

𝜁 = 0.702𝑍
𝑍 =

𝐿2𝑒𝑗
𝑅𝑎𝑣𝑗 𝑡

√1 − 𝜈 2

β is 0.02 [28].
In the buckling analysis only the monopile section above the mudline is considered with a length
𝐿𝑒 = 30m.

6.3

Results

In the report the results of the structural reliability assessment of buckling are presented. Aa fully
integrated load analysis is performed within the structural reliability analysis. The selected
stochastic variables in the analysis are given in Table 6-1. Note that a model uncertainty 𝑋𝑑𝑦𝑛 is
included taking into account the uncertainty in the dynamics.
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Table 6-1 Selected stochastic variables in buckling limit state analysis
Variable

Distribution

Mean

Standard deviation

References

Yield stress

Lognormal

240e6

12e6

Young modulus

Lognormal

210e9

42e9

[26]

CM

Normal

2.00

0.10

[30]

CD

Normal

0.70

0.10

[30]

Soil stiffness

Lognormal

6.603e10

1.321e10

[30]

Xdyn

Lognormal

1

0.05

The reliability index 𝛽 and the probability of failure 𝑝𝐹 are given in Table 6-2. Compared with the
target reliability of 3.7 and the reliability index for fatigue of about 6, the ultimate state reliability
is larger, being 14.0. It can be concluded that the ultimate limit state normal power production is
not design driving for the monopile section at the seabed.
Table 6-2 The reliability index 𝛽and the probability of failure 𝑝𝐹 for the buckling limit state.
Analysis

β [-]

pF [-]

FORM

14.054

0

Table 6-3 gives the design point of the FORM analysis and the influence of the stochastic variables
to the variance of the ultimate limit state function, the importance factor 𝛼 2 . The soil stiffness
variable has the largest contribution to the variance of the limit state in this analysis, see also
Figure 6-3. Keep in mind that a large change in soil stiffness affects the natural frequency of the
wind turbine and, as a consequence, the dynamic loading. This effect is not accounted for during
the analysis.
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Figure 6-3 Influence of the stochastic variables to the variance of the ultimate limit state function

Table 6-3 Design point and Influence of the stochastic variables to the variance of the ultimate limit state function.
Design point

Importance factor α2

fY

1.47E+08

6%

E

2.10E+11

0%

CD

0.93

9%

CM

2.26

2%

Soil stiffness

1.01E+10

75%

Xdyn

1.64E+00

7%
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7. Assessment of partial
safety factors

In probabilistic design, the probability of failure and the reliability index 𝛽 are determined. A
monopile design is considered safe when the probability of failure is smaller than the target
probability of failure. In practice, however, the industry designs a monopile according to the
standard using partial safety factors. When a probabilistic design approach is applied, the first
question from industry is how the reliability index relates to the partial safety factor prescribed by
the standard. The translation of a probability of failure to the partial safety factors in the standard
is not straightforward. Therefore the approach of determining partial safety factors is discussed
first. See also the D4REL reliability framework report [2].
The DNV-GL and IEC standards are based on the Load and Resistance Factor Design (LFRD)
method. The uncertainties and variability in the load strength 𝑆 and material resistance 𝑅 are
introduced by partial safety factors. For a safe design, the characteristic load strength 𝑆𝑘
multiplied by the load safety factor 𝛾𝑓 is smaller than the characteristic material resistance 𝑅𝑘
divided by the material safety factor 𝛾𝑚 .
𝛾𝑓 𝑆𝑘 ≤

𝑅𝑘
𝛾𝑚

In code calibration, it is common that the characteristic value of the load strength 𝑆𝑘 is selected as
the 98% percentile, while the characteristic value of the material resistance 𝑅𝑘 is often the 5%
percentile. For model uncertainties, like 𝑋𝑑𝑦𝑛 in the buckling limit state, the mean is taken as
characteristic value. The relation between the design point calculated in the probabilistic analysis
and the partial safety factors is;
𝑆𝑑 = 𝛾𝑓 𝑆𝑘
𝑅𝑑 =

𝑅𝑘
𝛾𝑚

In the design standard, the partial safety factors are prescribed for a given design load case with
only one value for the strength load and one for the material resistance. Table 7-1 shows the
partial safety factors from the standard for the limit states considered in the project. In the D4REL
project, for both the fatigue and ultimate limit state only the normal production design load cases
are considered. In each of the limit states, more than two stochastic variables are used. A
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distinction is made between material resistance stochastic variables and load strength stochastic
variables. For each of the stochastic variables in the probabilistic analysis, the associated partial
safety factor is calculated. No attempt was made to derive single load and material partial safety
factors for limit state. In case of a limit state with two stochastic variables 𝑅 and 𝑆, the estimation
of the partial safety factors is straightforward. In that case 𝑅 determines the material safety factor
and 𝑆 the load safety factor of the limit state.
Table 7-1 Partial safety factors for limit states as defined by the standards.
𝛾𝑓

Limit state

𝛾𝑚

Fatigue limit state

1

1.25

Ultimate limit state

1.35

1.1

For the fatigue limit state, Table 7-2 shows the stochastic variable used together with the design
point value, the characteristic value and the corresponding calculated partial safety factor (PSF). It
can be seen that the partial safety factor for the stochastic variables log(𝐶1 ) and the soil stiffness
are below 1. However the contribution to the total variance of the limit state function 𝑔 is almost
zero. The largest contribution to the variance is from log(𝐶2 ) with a partial safety factor slightly
above one.
Table 7-2 Partial safety factors of the stochastic variables used in the fatigue limit state.
Design point

char value

PSF

Importance factor α2

Δ

0.418

1

2.39

0.197

0.444

log(C1)

12.164

11.764

0.97

0.000

0

log(C2)

14.722

15.606

1.06

0.756

0.869

E

2.10E+11

2.00E+11

0.95

0.000

0

Soil stiffnes

5.96E+10

4.67E+10

0.78

0.001

0.022

CD

0.814

0.7

1.16

0.038

0.196

CM

2.127

2

1.06

0.009

0.094

var

𝛼

Strength

Loads
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Table 7-3 Partial safety factors of the partial safety factors used in the buckling limit state.
Design point

char value

PSF

α2

alpha

fY

1.47E+08

2.21E+08

1.51

0.063

0.250

E

2.10E+11

2.00E+11

0.95

0

0

Csoil

1.01E+10

4.67E+10

4.61

0.755

0.869

CD

0.93

0.7

1.33

0.094

0.307

CM

2.26

2

1.13

0.022

0.148

Xdyn

1.64E+00

1

1.64

0.067

0.258

var
Strength

Loads

In case of the buckling limit state, Table 7-3, the largest contribution to the limit state variance
comes from the soil stiffness variable. The associated partial safety factor, 4.6, is well above 1.1. It
should be noted that this is based on the assumption that the soil stiffness is part of the material
resistance. As is the case for the fatigue limit state, again some stochastic variables have a partial
safety factor value below the standard. For this reason, on the assessment of the partial safety
factors alone, it is difficult to conclude that the design is conservative.
Although the probabilistic analysis shows conservatism in the design when comparing the
reliability indices, this cannot directly be translated into large safety factors. As Winterstein
stated[33], absolute 𝑝𝐹 values should be interpreted carefully, as they depend on the precise
choice of probability model adopted. The probabilistic analysis is perhaps best used in a relative
sense: while one may question the absolute 𝛽 values obtained, the relative 𝛽 values across
different designs can reasonably be used to suggest their relative safety levels.
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8. Uncertainty of soil
properties

During the D4REL project, the industry partners had the opportunity to propose research activities
on probabilistic design. Based on the results of the fatigue analysis, it was proposed to model the
uncertainties in the soil properties to investigate the relative contribution of the soil properties to
the total variance of the limit state function 𝑔.
For this investigation, a limit state function is selected with a direct relation between the pile
penetration and the soil-pile stiffness. For a given pile penetration and loading, the soil-pile
stiffness is calculated based on p-y curves as defined in the standard [11].
Segeren and Diepenveen [24] state that the pile deflections in the soil under ULS need to fulfil the
requirements:




Maximum deflection at mud line <= Dmp/100m
Maximum deflection at pile toe <= 0.02m
Maximum influence of the penetration depth on the natural frequency 0.1%.

Where 𝐷𝑚𝑝 is the diameter of the monopile.

Carswell [32] gives maximum deflection 𝑢 and rotation 𝜙 at the mudline as limit states
𝑔 = 0.7 − 𝜙
𝑔 = 0.2 – 𝑢
Here the deflection at the mudline of 0.2m is selected as limit state during the probabilistic
analysis. The deflection is directly calculated by the open source software tool LatpilePY [1].
For the probabilistic analysis, information about the statistics of the soil layers is needed. For
Sheringham Shoal, information is available in literature [16] and used in this study. The selected
soil consists of three layers: the Boulders Bank formation (BDK), the Egmond Ground formation
(EG) and the Swarte Bank formation (SBK).
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The depth range of the three layers is:




BDK
EG
SBK

0m – 10m
10m – 18m
18m – 40m

Table 8-1 Distribution and statistical values of selected soil layers.
Soil

propertie

Distribution

mean

CoV %

BDK

Undrained shear strength Su [kPa]

Lognormal

123

49

EG

Friction angle ϕ’ [deg]

Lognormal

46

6

SBK

Undrained shear strength Su [kPa]

Lognormal

376

53

For the clay layers BDK and SBK, the undrained shear strength Su is the stochastic variable used as
input for the p-y calculations. For the sand layer EG this is the friction angle ϕ'. The statistical
values used in the analysis together with the probability distribution are given in
Table 8-1. The ultimate wind and wave loads at the mudline are assumed to be deterministic.
In the probabilistic design analysis, the soil-pile interaction is calculated based on p-y curves,
where the soil properties are input. The Egmond Ground formation consists of very dense sand
with mean friction angle 𝜙′ of 46°. For the determination of the p-y curves in sand, the initial
modulus of subgrade reaction 𝑘 is needed. This modulus 𝑘 depends on the friction angle.
Unfortunately, the standard does not give values of k for friction angles larger than 40°. However
in probabilistic design, the design point is searched in an optimization loop. Therefore it was
decided to apply a polynomial fit to extrapolate 𝑘 values for larger friction angles. Figure 8-1
shows the fit of the initial subgrade reaction modulus.
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Figure 8-1 Polynomial fit of the initial modulus of subgrade reaction 𝑘 with friction grade 𝜙′.
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The probabilistic analysis started with a pile penetration of 29m. The reliability index 𝛽 for this pile penetration is 7.6.
Table 8-2 shows that the deepest clay layer, Swarte Bank formation, has the largest influence on the variance of the limit
state function. The analysis shows that assuming a target reliability index of 3.7, it might be possible to reduce the pile
penetration. By step wise reduction of the pile penetration, see Figure 8-2, a reliability index of 3.9 is found for a pile
penetration of 18m. Again the influence on the variance of the limit state function is largest for the clay layer. Now the
Boulders Bank formation. See

Table 8-3. However, we have to consider the large coefficient of variance CoV of the stochastic
variable 𝑆𝑢 of about 50%.
Table 8-2 Design point at 29m pile penetration and influence of the stochastic soil variables on the variance of the limit
state function.
Design point

Importance factor α2

BDK

3.97

11%

EG

38.97

5%

SBK

33.22

84%

Table 8-3 Design point at 18m pile penetration and influence of the stochastic soil variables on the variance of the limit
state function.
Design point

Importance factor α2

BDK

22.30

90%

EG

42.75

10%

SBK

329.78

0%

This simple analysis shows the potential of reducing the pile penetration. However one should be
aware that not only the pile deflection at the mudline is of importance, but also the constraints on
the natural frequency of the support structure. In the current analysis the effect on the natural
frequency is not taken into account. Besides that the p-y method to calculate the soil-pile
interaction is simple compared to the finite element approach applied in the final design.
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Figure 8-2 Pile penetration depth versus the reliability index 𝛽.
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9. Conclusions

In work package 3 of the D4REL project a generic reliability analysis approach is developed for a
monopile support structure. This means that the aeroelastic load calculations are incorporated in
the reliability analysis. The analysis is performed by coupling the aeroelastic simulation tool TURBU
with the open source reliability analysis tool FERUM. For the probabilistic analysis, a modern 4
MW offshore wind turbine is selected. Different reliability methods are available like the first order
and second order reliability method, FORM and SORM, or methods based on Monte Carlo
simulations. FORM is used since it calculated the contribution, importance factor, of the stochastic
variables to the reliability.
In the probabilistic design approach, the limit state is considered. The limit state function g is the
difference between the resistance R and the load L. For a safe design the limit function should be
larger than zero. In structural reliability, the design point is determined where the limit state
function is zero. Three limit state functions are considered:
1. A fatigue limit state;
2. An ultimate limit state on the yield stress;
3. An ultimate limit state on the global buckling stress.

The analysis shows how the main contributors to the variance of the fatigue limit state function
are the uncertainty on the Miner's model Δ and the log(𝐶2) parameter in the SN-curve. Moreover
the reliability index for the full parameter set and for parameter sub-sets is higher than
recommended by DNV-GL. There is therefore room for design optimization and cost reduction.
To investigate the sensitivity of the load analysis on the number of sea-states considered in the
structural reliability analysis, three different sized data sets with sea states are considered.
1. A complete set of 20-year three-hours metocean hindcast data
2. 4D-histogram of binned mean wind speed 𝑢, significant wave height 𝐻𝑠 , wave peak period
𝑇𝑝 and wind wave misalignment 𝜃;
3. A lumped data set of 12 three-hour sea states.

For the fatigue limit state, the target reliability of DNV-GL is met by all data sets. However looking
at the probability of failure, there is orders of difference. Based on the analysis, the lumped data
set is the most conservative i.e. the highest probability of failure.
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Ultimate load limit state analysis showed that the buckling limit state is dominating over the
ultimate yield stress limit state. For the buckling limit state, a fully integrated load analysis is
performed within the structural reliability analysis.
Compared to the target reliability of 3.7 and the reliability index for fatigue of 6, the ultimate state
reliability is larger, being 14. It can be concluded that the ultimate limit state during normal power
production is not design-driving for the monopile section at the seabed.
In probabilistic design the probability of failure and the reliability index 𝛽 are determined. A
monopile design is considered safe when the probability of failure is smaller than the target
probability of failure. In practice, however, the industry designs a monopile according to the
standard using partial safety factors. When a probabilistic design approach is applied, the first
question from industry is how the reliability index relates to the partial safety factor prescribed by
the standard. The translation of a probability of failure to the partial safety factors in the standard
is not straightforward. Although the probabilistic analysis shows conservatism in the design when
comparing the reliability indices, this is not directly translated to large safety factors. Not all the
individual partial safety factors of the stochastic variables are higher than the values prescribed by
the standard.
Finally during the D4REL project the industry partners had the opportunity to propose research
activities on probabilistic design. Based on the results of the fatigue analysis it was proposed to
model the uncertainties in the soil properties to investigate the relative contribution of the soil
properties to the total variance of the limit state function 𝑔. The deflection at the mudline of 0.2m
is selected as limit state during the probabilistic analysis. The deflection is directly calculated by
the open source software tool LatpilePY. The probabilistic analysis shows that clay layer has the
largest influence on the variance of the limit state function. However, we have to consider the
large coefficient of variance CoV of the stochastic variable 𝑆𝑢 of about 50%.
In the D4REL project a structural reliability assessment of an existing design is performed. In future
projects the developed probabilistic analysis method can be used in the design of support
structures, where different concepts are compared.
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