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2.  Executive Summary 

In this task 2.1. the probabilistic loading data set and statistical results has been devoted to 

the definition of a method for predicting the loads in pitch bearings considering the 

variabilities and the uncertainties related to the physic involved in the dimensioning of 

wind turbines. Considering the physics involved (aerodynamic, hydrodynamic, servo-electric-

hydraulic, structural elasticity) and its complexity, it is evidenced that the parameters subjected 

to uncertainty and variability are very significant and that they could have very important impact 

on the predicted loads 

The variability and uncertainty issues in the INNTERESTING project context, where it is aimed 

to remove several intermediate experimental component validation tests to reduce product 

development cost, need to be understood and controlled. They become crucial since the 

current design rules, based on the partial safety factor design, might come outdated for the 

upcoming wind turbine sizes, producing either, underestimated or overestimated components. 

In any case this is traduced in cost development increments and in Levelized Cost of energy 

increment.  

The method considered in this task is focused on a load prediction in pitch bearing, but it 

is very flexible and can be potentially apply for predicting loads over almost any 

component of onshore or offshore wind turbines. Even if this task has been focused on 

fatigue load prediction, the procedure can be use with a very little modification to ultimate load 

prediction or even for dynamic or thermal analysis.  

The considered approach replaces the aero-hydro-elastic model by a computationally 

cheaper on inexpensive surrogate models which enables to propagate input variability and 

uncertainties into the loads. The main issue of surrogate models is to find an inexpensive 

surrogate model with enough accuracy in the design domain with a reasonable computational 

resources and time frame. The case evaluated in this task demonstrates, at least for the 

considered user case, that the attained surrogate model can be trained in a reasonable 

timeframe with inexpensive computational resources obtaining a high enough accuracy 

for even using it for reliability design and reliability optimization purposes. The use of Monte 

Carlo (MC) approach combined with aeroelastic model as variability an uncertainty 

propagation method will be impractical for the day by day design of wind turbines. But when 

MC is combined with surrogate models the method of propagating uncertainties seem to be 

very reasonable. 

The potential of this application can be exemplified in a case in which a design needs to be 

particularized in a new wind farm location. Provided that surrogate model is trained in a large 

enough domain to fit the climate condition of the new farm on it, result in considering 

parameters uncertainties would be obtained even much faster than in the deterministic 

calculation since no aeroelastic run would be needed.  

So, the test considered provides evidence about the bright future the here considered method 

could have in the near future not only to remove intermediate validation tests but also to swich 

from deterministic partial safety factor-based design to reliability-based design and 

optimization procedure which might reduce material consumption boosting the cost 

reduction of wind turbine and reducing the levelized cost related to it. 

 



D2.1 – Probabilistic loading data set and statistical results 

 
8 This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement No 851245. 

 

3. Introduction 

Load prediction in large wind turbine is subjected to large uncertainty (also known as epistemic 

uncertainty) and variability (also known as random uncertainly) issues due to the aleatory 

nature of the phenomenon and the coupled and very complex physics involved on it.  

Traditionally wind turbines are dimensioned by IEC 61400-I and III design standards which 

make use of the partial safety factor method to compensate different source of uncertainties. 

The uncertainty related to load is one of them together with other safety factors such as 

material or consequence of failure safety factors, etc. Previous standards calibrate these safety 

factors by probabilistic models. However, since the design method needs to assure 

conservativeness, the replacement of the analysis of the effect of uncertainties in the limit state 

using safety factors method might entails significant inconsistencies when the limit state is 

particularized for a specific wind farm.  

The conservatism of limit state might unnecessarily increase the use of material consumption 

per wind turbine which directly impacts on its CAPEX (CAPital EXpenditure) and the Levelized 

Cost Of Energy (LCOE). Global strategies to reduce greenhouse gas emissions have 

significantly increased the demand of renewable energy generation in the last decades for 

replacing the current fossil fuelled energy generation resources. The more competitive is the 

renewable energy LCOE the faster will be the transformation. Accordingly lower LCOE is one 

of the most important factors in the expansion of renewable energy technologies.  

One of the objectives of this project is to promote a probabilistic method instead of safety factor 

method to design wind turbine components so that a less conservatism limit state is achieved 

and accordingly a reduction of LCOE is attained. As a first step, the aim of this activity is to 

define a method for estimating uncertainty of the loads acting in large wind turbine slewing 

bearings. The critical loads in slewing bearings are the bending moments acting within the 

bearing plane. 

The loads applied in the slewing bearing mostly consist in the combination of aerodynamic 

loads coming from the interaction between wind and blades and from the own weight of the 

blades. The Aerodynamic load depends on the air flow which in turn is affected by several 

parameters and complex physical phenomena such as turbulence, atmospheric stability, 

topography. It also depends on the aerodynamic profile as well as blade stiffness and damping. 

High-fidelity simulations have been possible only in relatively recent times thanks to the 

advances in scientific computing techniques and computational fluid dynamics tools. For 

instance, state-of-the-art large-eddy simulations (LES) coupled with actuator linear disk 

models provide accurate description of the three-dimensional, unsteady wind field, albeit at a 

high computational cost. The high computational cost makes prohibitive to simulate a 

representative wind turbine lifetime and therefor are still not used by industry for designing 

wind turbines.  

As an alternative, simplified but faster to run aeroelastic models based on Blade Element 

Momentum (BEM) approach complemented by correction approach such as tip and root loss, 

dynamic wake model, Glauert skew wake model and dynamic stall are usually considered. 

These models can simulate a representative lifetime of a wind turbine in a reasonable 

computational time if deterministic and safety factor-based approach is used.  

However, these models are still computationally too expensive to be used as probabilistic 

models, that is, to propagate input uncertainties into output uncertainties, especially if 

propagating method are based on any variant of Monte-Carlo approach, where the number of 
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times the model need to be evaluated comparing to deterministic modelling is comparably very 

large.  

To circumvent this problem, research is being focuses on surrogating BEM models by adaptive 

mathematical models which without losing fidelity in the operating domain run significantly 

faster than the BEM method. In this task Krigin functions will be considered as surrogate model. 

Based on this surrogate model, impact of wake in the load from WTG to WTG considering the 

stochastic wind conditions are considered. However, this approach can be a priori be used to 

propagate almost any uncertainty of input parameter of the BEM aeroelastic model. 

This report is organized in the following manner: 

• In the first section a wind turbine farm is defined considering the requirement previously 

identified in task 1.1 as a 2030 wind turbine reference wind farm. This wind farm will be 

used later to obtain the variability from WTG to WTG. 

• In the second section the wind turbine model according to the requirement defined in 

T1.1 is introduced. 

• In the third section the applied wind loss and turbulence added wake models are 

introduced. 

• After this an introduction of the considered approach is reported and all the steps that 

need to be consider are briefly explained. 

• In the third section wind data of the wind turbine that need to be analysed is processed 

so that wind condition domain for the particular wind turbine is defined and the points 

in which the kriging model is based along the operating domain are defined. 

• In the fourth section the training operating points are evaluated in the model. 

• In the sixth section how kriging model is trained is reported. 

• In the seven section the integration process and the evaluation of load variability 

between WTG and WTG is reported. 

The dependencies of this task with other tasks are as follow:  

• The wind farm specification has been considered from Task 1.1 (D1.1: Technical, 

environmental, and social requirements of the future wind turbines and lifetime 

extension) 

• The stochastic load obtained in this task will be used in T2.2 as an input to estimate 

the probability of failure in the user case, that is 20 MW wind turbine ring. 

3.1. Workflow of the method and structure of 

the report 

Figure 1 depicts the workflow of the method defined for propagating wind turbine input 

uncertainties to fatigue loads. This workflow is defined from the perspective of surrogate model 

creation and exploitation. In what follows the steps of the procedure are linked with their 

corresponding section describing the activity in this report:   

• Wind farm definition: As the first step of the method wind farm, wind turbine and climatic 

data need to be defined and processed. Section 4 is devoted to describing this step. 

Subsection 4.1 describe the considered WTGs, subsection 4.2 covers the definition of 

wind farm layout and, finally, subsection 4.3 describes the climatic data of the wind 

farm location.   
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Figure 1: Workflow for predicting equivalent fatigue load variabilities and uncertainties 

• Design and analysis Computational Experiment (DACE) for training the model: free 

field climate data needs first to be transformed to each WTG inflow climatic wind data, 

section 6 is devoted to this topic. Once the inflow data for all turbine is estimated a 

DACE is proposed for calibrating the surrogate model. The uncertain and deterministic 

domain in which all the WTG of the farm need to operate is first defined in the DACE 

and, after that, the definition of inputs samples to optimally train the surrogate model is 

defined.in section  7 is devoted to the process of defining these inputs. 

• Output for model calibration: Third step entails the evaluation of these inputs in the 

computationally expensive aeroelastic code to obtain time domain series of the loads 

in pitch bearings. Section 8 introduces the aeroelastic code. Once these loads are 

calculated, they need to be transformed into scalar fatigue Equivalent Damage Loads 

(DEL). Section 9 is devoted to introducing this activity. 

• Model calibration: Fourth step involves the calibration of the surrogate models with the 

inputs and output defined previously. Section 5 is devoted to describing the surrogate 

model and section 10reports its calibration. 

• Model exploitation and uncertainty and variability propagation: Finally, the fifth steps 

involve the exploitation of the surrogate model to integrate wind turbine domain and 

climatic field probabilistically so that inputs stochastic parameters are forward to 

probabilistic fatigue loads. Section 11 and 12 are devoted to explaining this procedure. 
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4. Reference wind turbine, farm and wind data 

4.1. Reference wind turbine 

The 20 MW reference wind turbine generator (WTG) model defined by Ashuri [1] was selected 

as reference aeroelastic wind turbine model. NREL–FAST model selected by the author is 

available at GitHub at https://github.com/tashuri/20MW-wind-turbine-model. Table 1 reports 

the wind turbine models main parameters: 

Table 1: Aeroelastic wind turbine parameters  

Parameter [units] Value 

Cut-in speed [m/s] 4 

Cut-out speed [m/s] 25 

Diameter [m] 276 

Hub heigh [m] 160.2 

Hub mass [ton] 252.8 

Hub cone [deg.] 4 

Hub mass moment of inertia [kg m2] 2.1×106 

Nacelle mass [ton.] 945.0 

 

The model was used in multidisciplinary design optimization to define the aero-servo-elastic 

design of the rotor and tower subject to constraints such as blade-tower clearance, structural 

stresses, modal frequencies, tip-speed, and fatigue damage at several sections of the tower 

and blades. For the blade, the design variables include blade length, twist and chord 

distribution, structural thicknesses distribution, and rotor speed at the rated. The tower design 

variables are the height, and the diameter distribution in the vertical direction. For the other 

components, mass models were employed to capture their dynamic interactions. The design 

objective was to minimize the levelized cost of energy and accordingly the considered model 

should provide a good prediction of what 20 MW wind turbine design might be. 

Because active control is becoming increasingly important for larger wind turbines, this work 

extends the previous optimization studies with no controller or a fixed controller strategy by 

updating controller parameters for every optimization iteration. The integrated design of a 

controller enables the development of an economically more attractive large scale wind turbine 

by increasing energy capture using a controller that is optimized simultaneously with the rest 

of the design. The majority of large-scale wind turbines designed nowadays are upwind, three-

bladed, pitch-regulated, variable-speed turbines, and this is the focus of this research as well. 

To provide an initial set of design variables needed for the optimization to start with, the 5 MW 

UpWind4wind turbine design data are upscaled to a 20 MW design using scaling rules and 

scaling factor of two. After this step, optimization of the design takes place to provide the 

optimal preliminary data, such as rotor diameter, hub height, rated rotational speed, structural 

and aerodynamic shape of the blades, and structural sizing of the blades and tower. 

 

https://github.com/tashuri/20MW-wind-turbine-model
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4.2. Reference wind farm 

A 20 MW turbines generators have been selected as the target power of wind turbine 

generators for 2030 and the average size for 2050 (see INNTERESTING Deliverable D1.1). 

According to the best knowledge of the authors, the largest wind turbine generators considered 

in a representative wind farm are based on 10 MW WTGs.  

3 virtual 10 MW of have been identified which layout is reported in Figure 2. 

• Norcowe virtual reference farm [2] 

• Nowitech virtual reference farm [3] 

• IEA WIND: Task 37 RWP 

 

 

  

a) Norcowe arrayed b) Norcowe arrayed c) Nowitech arrayed 

Figure 2:Norcowe and Nowitech virtual wind farm 

 

The definition of the IEA WIND initiative task 37 is and ongoing project and wind farm layout 

was not available at the time this analysis was carried out. Norcowe and Nowitech layout were 

available. The WTG to TWG distance of both reference farms were defined by the diameter of 

the rotor of WTG. Table 2 reports the distance defined for both win farms: 

Table 2: Reference wind farm, WTG to TWG distance 

WIND FARM NORCOWE NOWITECH 

WTG to WTG 7 · 𝐷 ∥ −8 · 𝐷 ⊥ 10 · 𝐷 

 

Norcowe arrayed layout was finally selected over optimized Norcowe or Nowitech wind farms. 

The reason of choosing arrayed over optimized Norcowe or Nowitech farm layout was related 

to the total wind farm power capacity. Representative 2030 wind farm power capacity is 

estimated in 2 GW. Accordingly, Norcowe or Nowitech wind farm needed to be expanded with 

additional WTGs to reach to the targeted power capacity of the farm. Expanding consistently 

arrayed layout was considered more straighforward than already optimized layout. In the case 

of Nowitech, WTG inter-distance is higher (10×D) than in the Norcowe case (7-8×D). Since in 

this project influence of WTG wake need to be addressed, smaller inter-turbine distance was 

preferred to make this effect more visible. 

Figure 3 depicts the transformation from the original Norcowe 0.82 GW farm layout to 

Innteresting 2GW wind farm. In a first step, farm WTG inter-distance was scaled by the ratio 

of original Norcowe and 20 MW WTG rotor diameters, see Figure 3 (a-b). After that, 20 

additional WTGs were added keeping farm principal orientations and the 5 rows pattern and 

expanding rows in the other direction as depicts Figure 3 (b-c).  
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a) Original Norcowe layout  
(D=178 m, 82 WTG, 0.82 GW) 

b) Scaled for 20MW WTG (D=276 m, 
82 WTG, 1.60 GW) 

c) Final Innteresting layout 
 (D=276m, 102 WTG, 2.04 GW) 

Figure 3: reference 2GW wind farm layout transformation.   

 

4.3. Free field meteorological data 

Original Norcowe virtual wind farm was located about 45 nautical miles (80 kilometres) west 

of the Northern Germany Sylt island on the edge of the potential aptitude for wind turbines off 

the Schleswig-Holstein North Sea coast. The coordinates were: 55º 11,7 'N, 007º 9,5' E (See 

Figure 4).  

 

 

a) NORCOWE and FINO3 location b) FINO3 met mast 
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c) FINO3 Wind rose at 100 m 

Figure 4: Farm location and meteorological conditions 

 

At that position, FINO 3 meteorological station mast is physically positioned (see Figure 4 (b-

c)). Norcowe project initially considered the data from this meteorological station for sizing the 

wind farm of 10 MW WTGs. The highest anemometer of the mast, which is at 100 m, fits quiet 

well with the 10 MW hub height. However, is far from the hub height of the targeted turbine 

considered in this task. 

Wind speed data could be extrapolated using power or log surface roughness laws. However, 

data related to Atmospheric Boundary Layer (ABL) was not available and, therefore, 

extrapolation of wind at the targeted height would not consider any ABL effect. Additionally, 

extrapolation of turbulence intensity data is not straightforward.   

As an alternative method, data from the New Wind Atlas Map (NEWA) released in 2019 was 

also considered. From NEWA wind speed as well as turbulence intensity can be obtained at 

150 m height which is close enough for taking as reference for the targeted hub height of this 

project for a period of 10 years. However, since 10 min period data is not available in 

mesoscale models, finally it was decided to find alternative wind data. Finally, free field wind 

data from Anholt location was selected for INNTERESTING virtual wind farm. 

Anholt is a Danish offshore wind farm in the Kattegat, between Djursland and Anholt island. 

With a nameplate capacity of 400 megawatts (MW), it is one of the largest offshore wind farms 

in the world (along with BARD Offshore 1) and was the largest in Denmark from 2013 to 2019. 

Oersted company disinterestedly shared with this project the free field wind data measure by 

Lidar device. 

A Leosphere WindCube WSL7 was used located at 56º 35‘ 44.39“ N, 11º 09’ 09.82“ E. The 

measurement campaign started January 1st  2013 and covers two whole years. Measurements 
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at 9 different heights ranging from 65.6 m to 315.6 m above Lowest Astronomical Tide (LAT) 

were available. Data corresponding to height closest to the hub height, 185.6 m LAT, was 

used. 

The data was filtered. Any 10min averaged data with poor availability value (less than 80%) 

was discarded an exceptionally high Carrier Noise Ratio (CNR) data were removed too. After 

filtered the data, a total of 10min average wind speed and wind points were available for the 

analysis. 

Table 3: Available 10min averaged free field wind data 

 Before filtering After filtering 

Available 10 min averaged 
climate data 

103680 102004 

 

Figures 5 and 6 respectively plot the wind speed and turbulence rose from Anholt location at 

185.6 m LAT. Based on the wind rose distributions, it can be verified that the predominant wind 

direction is similar from the one reported by NORCOWE for 100m height. Accordingly, it is 

decided to not modify the final orientation of the layout.  

 

 

Figure 5: Wind rose at 185.5 m LAT 
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Figure 6: turbulence rose at 185.6 m LAT 

Since surface roughness data was not available from the information provided from Anholt 

location, 𝛼 roughness exponent average for 10 min was estimated by fitting wind profile power 

law equation using least square method and the data wind data available at 9 the different 

heights.  
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5. Surrogate model 

Kriging, also referred to as Gaussian process regression, is a stochastic interpolation 
technique which assumes the model output (𝒀) to be a realization of a deterministic mean 

defined by a regression model �̅�𝑲𝑮𝑹 �̅�𝑲𝑮𝑹
𝑻 (�̅�) and a correlated stochastic process (𝒁) [15]. 

𝒀(�̅�)  =  �̅�𝑲𝑮𝑹 �̅�𝑲𝑮𝑹
𝑻 (�̅�)  +  𝒁(�̅�)  (1) 

The first term models the trend (mean) of the output by a set of basis functions �̅�𝑲𝑮𝑹(�̅�) =
[𝑓1(�̅�),… , 𝑓𝑛(�̅�)]  and associated regression coefficients �̅�𝑲𝑮𝑹 = [𝜷𝟏, … , 𝜷𝒏]. The second term 
interpolates the known residuals at the experimental design by a stationary zero mean 
Gaussian process fully described by its covariance (𝑐𝑜𝑣):   

𝒄𝒐𝒗(�̅�, �̅�′) = 𝝈𝑲𝑮𝑹
𝟐 𝑹(�̅�, �̅�′, 𝜽𝑹̅̅̅̅ ) (2) 

𝝈𝑲𝑮𝑹
𝟐  is the overall process variance (assumed constant) and R models the correlation 

between 𝒁(�̅�) and 𝒁(�̅�′ ) by their inter-distance and a correlation function defined by the hyper 

parameters 𝜽𝑹.  

Once a suitable basis of functions and a correlation model are chosen �̅�𝑲𝑮𝑹, 𝝈𝑲𝑮𝑹
𝟐  , and 𝜽𝑹 

may be estimated by maximizing the likelihood of observing the output at the experimental 
design. 

According to [15] it is known that the sensitivity between fatigue loads and the different wind 
climate parameters varies significantly, An anisotropic separable correlation formulation is 
considered: 

𝑹(�̅�, �̅�′, 𝜽𝑹̅̅̅̅ )  =  ∏𝑹(�̅�, �̅�′, 𝜽𝑹̅̅̅̅ )

𝑫

𝒊=𝟏

  (3) 

 

The number of samples needed to train the surrogate model depends on many different factors 
such as on the model that needs to be surrogated, the surrogate model or function used to 
replicate the initial model and the sampling method used to define the input and output values 
to train the surrogate model.  Fortunately, in [15] the same wind climate parameters are 
considered, and it is analysed the optimal surrogate model parameters as well as the number 
of samples required. 

The reference analyses two different surrogate models, Polynomial Chaos Expansion and 
Kriging methods. Both approaches seem to be capable of predicting with enough accuracy for 
its use in reliability assessment the surrogated model. Note that since reliability assessment 
requires a very high accuracy since it is based on probability tails values which are very 
sensitive to the evaluation error. 

Optimal parameters for the model and the optimal number of samples to train the model are 
analysed. In this task Kriging approach surrogate model will be used which according to the 
authors requires a smaller number of samples related to the climate condition but higher 
number of random seed for the generation of wind condition events.  

For Krigin the optimal number of random seed is defined as 75 and the optimal number of wind 
climate samples 400. 
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6. Individual WTG inflow wind data 

LIDAR data provided farm site wind conditions, but for load calculations wind conditions at 

each WTG need to be estimated. Initially the effect of wakes of preceding wind turbines in the 

subsequent WTG was planned to model using the Fast.Farm approach. However, currently 

the maximum number of WTG in Fast.Farm in which results can be output is limited to only 9 

which evidently can’t be handle the 102 WTG of reference INNTERESTING wind farm [4]. 

As an alternative, other approaches were weighted. Those based on Computer Fluid Dynamic 

simulation approach such as LES and RAMS were discarded since the domain to be 

considered and the number of operating conditions that needs to be evaluated requires 

immense unavailable computational resources and time. Intermediate mid-fidelity approach 

based in such as Fast.Farm which considers wake advection, deflection and meandering 

phenomena based originally from the dynamic wake meandering approach have been judges 

also computationally expensive.  

Literature provides less sophisticated analytical approach such as the effective turbulence 

intensity approach considered by the standard IEC 61400-1 which is based on the previous 

work of Frandsen (2007) or the Crespo-Hernandez approach for modelling the turbulence 

generated during within wind turbine wake.  Both approaches have been calibrated and 

validated against free field measurements, so the election was finally motivated by the 

accessibility of the implementation of this approach by available software. Crespo-Hernandez 

wake-turbulence model is already implemented in NREL FLORIS code but from the knowledge 

of the authors no IEC 61400 no public implementation was found. Beside this, NREL-Floris 

does also consider complementary analytical wind speed loss such as the Jensen, Gaussian, 

Jimenez and Curled wake approaches. 

6.1. Turbulence and wind loss models  

The FLORIS framework is designed to provide a computationally inexpensive, control-oriented 

modelling tool of the steady-state wake characteristics in a wind farm. FLORIS has various 

wake models implemented, such as wake velocity deficit, wake deflection or wake turbulence 

intensity [12]. 

This FLORIS is a fast and computationally relatively cost-effective method to calculate wind 

conditions for every turbine in a farm using LIDAR results.  

Python is used to run the framework. First, all the configuration parameters are loaded in a 

json file. The main object in FLORIS is the floris.simulation.floris class object. Properties of this 

object includes ambient wind conditions, turbine and environmental parameters, correction 

factors, power and thrust coefficients and the velocity, turbulence and wake models to be used 

by FLORIS, among others.  

After the wind farm, turbine, and wake models are well established, the flow field is actually 

calculated by calling floris.simulation.flow_field.FlowField.calculate_wake.  

6.1.1. Jensen wake wind loss model 

The Jensen wake model is one of the most popular models among engineering applications 

due to its simplicity, practicality and robustness. The description is based on the studies of 

Jensen [7][ 9]. 
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Figure 7: Jansen Model control volume  

[11] 

Using the control volume presented in Fig. 4, where 𝐷 = 𝐷𝑟 is the rotor diameter, and assuming 

a top-hat inflow profile the mass balance between the rotor plane and the downstream flow 

yields: 

(
𝑫𝒓

𝟐
 )
𝟐

· 𝒖𝒓 + [(
𝑫𝒘

𝟐
)
𝟐

− (
𝑫𝒓

𝟐
)
𝟐

] · 𝒖𝟎 = (
𝑫𝒘

𝟐
)
𝟐

· 𝒖𝒘 (4) 

 

Also, the wake is assumed to be expanded linearly as a function of the downstream distance 

𝑥 at a rate 𝛼, 𝐷𝑤 = 𝐷𝑟 + 2𝛼𝑥 and 
𝑢𝑟

𝑢0
=  1 − 2𝑎 using the axial induction factor, the fractional 

decrease in wind speed, 𝑎 =
𝑢0−𝑢𝑟

𝑢0
  . Putting them into (3), the normalized velocity can be found 

as: 

𝒖𝒘
𝒖𝟎
= 𝟏 −

𝟐 · 𝒂

(𝟏 +
𝟐 · 𝒂 · 𝒙
𝑫𝒓

)
𝟐
 

(5) 

Assuming ideal axially symmetric flow, no rotation, no turbulence and conic shape wake profile, 

the axial induction factor is defined as: 

𝒂 =
𝟏 − √𝟏 − 𝑪𝒕

𝟐
 (6) 

Where 𝑪𝒕 is the thrust coefficient. 

6.1.2. Crespo-Hernandez wake-turbulence model 

The wake-turbulence model used to compute additional variability introduced to the flow field 

by operation of a wind turbine is the Crespo-Hernandez wake-turbulence model, which 

calculates wake-added turbulence as a function of external conditions and wind turbine 

operation.  

Implementation of the model follows the original formulation and limitations outlined in [8], 

where the following expression for the following ranges of parameters, 5 < x/D < 15, 0.07 < I, 

< 0.014 and 0.1 < a < 0.4, is proposed: 
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∆𝐼𝑚 = 0.73𝑎
0.8325𝐼∞

0.0325 (
𝑥

𝐷
)
−0.32

 (7) 

 

The turbulence intensity calculation based on Crespo et. al. is defined in the next way in the 

code: 

𝑇𝐼𝑐𝑎𝑙𝑐𝑢𝑙𝑡𝑎𝑖𝑜𝑛 = 𝑇𝐼𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 · 𝑎𝑖
𝑇𝐼𝑎𝑖 · 𝑇𝐼𝑎𝑚𝑏𝑖𝑒𝑛𝑡

𝑇𝐼𝑖𝑛𝑖𝑡𝑖𝑎𝑙 · (
𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠𝑇𝐼 − 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠𝑡𝑢𝑟𝑏𝑖𝑛𝑒

𝑟𝑜𝑡𝑜𝑟 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟
 )
𝑇𝐼𝑑𝑜𝑤𝑛𝑠𝑡𝑟𝑒𝑎𝑚

 (8) 

  

Where:  

• TIcalculation is the wake-added turbulence from the wind turbine at location specified by 

coordinatesTI,  

• TIambient is de Turbulence Intensity (TI) of the background flow field,  

• coordinatesTI are the coordinates in X axis where TI is to be calculated,  

• coordinatesturbine are the coordinates in X axis of the wind turbine adding turbulence to 

the flow and ai the axial induction factor.  

The rest of the variables are model-specific parameters:  

• TIinitial is the initial ambient TI expressed as a decimal factor,  

• TIconstant is the constant used to scale the wake-added turbulence intensity,  

• TIai is the axial induction factor exponent, and,  

• TIdownstream is the exponent applied to the distance downstream of an upstream turbine 

normalized by the rotor diameter. 

These model-specific parameters are defined as in Crespo et. al. for the range of parameters 

for x/D, I and a, being: 

• TIinitial = 0.0325,  

• TIconstant = 0.73,  

• TIai = 0.8325 and  

• TIdownstream = -0.32.  

Out of that range of parameters, the next default values of Floris have been used:  

• TIinitial = 0.1,  

• TIconstant = 0.37,  

• TIai = 0.8 and  

• TIdownstream = -0.275. 

Once the wake calculation has been completed, values for individual turbine speed and 

turbulence intensity are read and saved for later use. During these simulations it is assumed 

that roughness exponent value does not significantly varies from the free field data and 

accordingly the same free field surface roughness data is considered for all the wind turbines.  

The FORIS code does not provide a direct way to read hub heigh wind speed and turbulence, 

so additional code has been added to the file floris_utilities.py. This code returns the value of 

wind speed and turbulence intensity of every wind turbine (see section 16.1). 
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In each wind condition case, the turbulence intensity and wind speed of all the WTGs of the 

park are computed. Additionally, two different runs are considered per free wind point, one per 

the considered Crespo et al. parameter set.   

 

Figure 8. FLORIS wind condition output 

Figure 8 shows the results outputted by FLORIS for one of the free field wind condition. The 

farm layout, where coordinate reference frame is based in wind direction (0º is from left to right 

direction), defines each individual turbine position; the wind speed and turbulence intensity 

values are shown beside each turbine; and downstream wakes are contoured so the influence 

of wake in downstream turbines can be seen. 

These outputs are provided by FLORIS for a single set of wind turbine hub-height wind 

conditions from the LIDAR data. These has been repeated for as much 10 min averaged wind 

conditions from LIDAR data has. Accordingly, 102 𝑊𝑇𝐺𝑠 × 2 𝑡𝑢𝑏𝑢𝑙𝑒𝑛𝑐𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑠𝑒𝑡 ×

 102004 wind climate datahub heigh wind speed, turbulence and surface roughness exponent 

are stored.  
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7. DACE for training surrogate model 

7.1. Domain of the DACE 

Once farms maximum and minimum hub height wind speed, effective turbulence and 

roughness values are defined for each of the 10min averaged wind condition of wind field, the 

domain of the computer experiment for training the surrogate model is defined. 

Figure 9 reports the correlation plot of the wind conditions stores in section 4, once free field 

wind data are transformed to wind turbine wind data.  

 

Figure 9: 10 min averaged wind data in the 102 wind turbines 

Wind speed, turbulence (wind standard deviation) and surface roughness exponent statistics 

were evaluated. UQlab [16] Matlab based toolkit has been used. All the marginal probability 

function available at UQlab were tested and the ones with best Akaike Information Criterion 

(AIC) were considered as the function with best goodness of fit. Table 4 reports the probabilistic 

analysis results of climate data. The marginal function is compared against wind climate data 

in subfigures 1, 2 and 3 of Figure 9. 

Table 4: Marginal probability function for the considered wind data parameters. 

Variable Best Parameters Moments AIC 

Wind speed (WS) Weibull 1.071e+01 2.217e+00 9.489e+00 4.523e+00 4.0702e+05 

Turbulence (𝜎𝑊𝑆) Weibull 9.008e-01 2.189e+00 7.977e-01 3.845e-01 3.3463e+05 

Alpha (𝛼) Laplace 5.756e-02 7.055e-02 5.756e-02 9.977e-02 2.3612e+06 

 

The analysis confirms that wind speed and turbulence can be considered as Weibull marginal 

probability functions. However, surface roughness exponent has a very particular distribution 

and is best fitted by Laplace marginal probability function. 
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7.2. Bounds of DACE 

Wind speed domain bounds are determined by the cut-in and cut-out speed parameters of the 

wind turbine. These values define the speed limiting the wind turbine production which 

accounts for more than 90% of the wind turbine lifetime. Accordingly, hereinafter, it will be 

assumed that the production state of wind turbine match with the wind turbine lifetime. 

Therefore, to assess fatigue in wind turbine lifetime production state will be considered. 

As reports Figure 9, cross correlation plots between the three variables shows that there are 

some subdomains in the plotted turbulence vs wind speed, surface roughness vs wind speed 

and turbulence vs. wind speed domain in which no operating wind turbine data falls. 

As a good practice of surrogate modelling, the domain in which the surrogate model should be 

accurate with respect the original model needs to be defined as precise as possible so that the 

sample used to train the surrogate model are optimally defined only in those areas where 

model needs to be evaluated.  

To optimize the domain in which surrogate model needs to be evaluated, additional bounds 

are defined. These bounds aim to delimit those areas or subdomains in which no 10min 

average wind climate data point falls from those others in which climate data fails.  

The Quantile Regression (QR) based on Tree Forest approach from machine learning is used 

for the identification of these bounds (see [13] and [14]). 0.1% and 99.9% percentiles are 

considered respectively for lower and upper bounds.   

 

Figure 10: Bounds in the domain according to quantile regression.  

The quantile prediction is carried out in Matlab© utilizing treeBagger() and quantilePredict() 
methods. The number of trees and the method were set to 100 and regression respectively. 

Figure 10 reports the wind data considering only the production speed interval (exception are 
the histogram which continues to account for the whole climate date of wind turbine). The 
bounds in turbulence and of surface roughness are computed depending respectively on wind 
speed and on wind speed and turbulence respectively. The computed bounds are superposed 
to climate data. 
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As a verification check, the number of wind data left out of the subdomain with regard the total 
number of points was estimated. This is computed using quantile regression curves and 
inpolygon() method of Matlab©.  

Table 5: Verification of the points falling in the delimited domain 

Relation 
Available 

data points 
Percentage in 

Targeted 
percentage in 

regression 

Turbulence vs. wind speed  362420 99.5% 99.9% 

Surface roughness vs wind speed. 362420 98.4% 99.8% 

Surface roughness vs. turbulence 362420 99.3% 99.8% 

 

Table 5 reveals the fraction of all the datapoint falling inside the subdomain defined by quantile 
regression. As it is reported in the table, the number of points falling in the delimited domain is 
slightly lower than the percentage targeted at quantile regression. However, the percentage 
falling inside is still considered acceptable and, accordingly, the boundaries defined by this 
method are considered valid. 

7.3. WTG inflow wind climate input samples 

Once the subdomain of the wind climate data has been adjusted, the next step of the computer 
design experiment consists in the definition of the samples for training the surrogate model.  
The number of samples needed to train the surrogate model depends on many different factors 
such as the model that need to be surrogated, the surrogate model or function used to replicate 
the initial model and the sampling method used to define the input and output values to train 
the surrogate model. 

Fortunately, as was reported in section 5, some studies are available in the literature in which 
the effect of wind climate parameters in fatigue equivalent damage is already considered. In 
particular [15] analysed the optimal number of samples to be used for different surrogate 
functions which considered inputs climate condition in wind turbine and output equivalent 
damage loads in blades.  

The analysis concluded that 400 climate points are the optimal number for training a Krigin 
surrogate model for reliability assessment application. Reliability assessment application 
requires high fidelity between the original and the surrogate model since analysis relies on the 
tails of the probability distribution of the output stochastic parameters which are very sensitive 
to even small modifications of the evaluation model. In this task, the number of climatic points 
suggested by [15] is used. 

Respecting the sampling strategy, there is not a consensus about the best approach for 
obtaining the most accurate results. Two different approaches are considered for sampling the 
training points. The first strategy aims to concentrate points in those subdomains where the 
surrogate function will be evaluated the most during the exploitation of the model. 
Consequently, sampling is carried out according to the marginal probability function of the 
input’s parameter and their associated copulas in case dependency is found between the 
marginal probability functions associated to different input parameters.   

The other approach is based on the so-called space filling strategy, which aims to cover as 
much as domain to be analysed, assuming that the probability of realisation on each of the 
point of the domain is the same. 
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This maximizes the space covered by the training samples and ensures a good space-filling 
strategy for the entire domain, assuring, in this manner, that a training point falls relatively near 
the evaluated results even for the most unlikely realizations of the inputs parameters.  

Random space filling approach is selected in this task since the analysis taken as a reference 
to identify the optimal number of points use this strategy. Since the selected sampling strategy 
might have influence on the optimal number of training points, it is decided to copy the one 
used in the reference.  

Low discrepancy Halton sequence [17] is used to generate the 400 samples in the considered 
domain. To avoid clear patterns in the Halton sequence, which may compromise the accuracy 
of the surrogate models a reverse-radix scrambling is used so that minimizes the correlation 
between the points from the higher dimensions. The Halton sequence operation was coded in 
Matlab. Figure 11 reports the final samples defined for the training of the surrogate model.  

 

Figure 11: final sampling for training the surrogate model 
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8. Simulation of aeroelastic code  

8.1. OpenFAST 

The output of the input samples for training model needs to be calculated using OpenFAST 

aeroelastic code simulations. OpenFAST is a multi-physics, multi-fidelity tool for simulating the 

coupled dynamic response of wind turbines.  

The OpenFAST framework couple the computational modules for aerodynamics, 

hydrodynamics for offshore structures, control and electrical system (servo) dynamics, and 

structural dynamics to enable nonlinear aero-hydro-servo-elastic simulation in the time 

domain. The 20 MW reference wind turbine [1] was modelled at FASTv6 so an upgrade of the 

model to OpenFAST v1 was required.  

The inputs defined in the previous section are inflow parameter which needs to be transformed 

into full field wind turbine inflow transient wind data accounting for the turbulence defined in 

the input. This transformation is made using NREL code called Turbsim. The TurbSim module 

generates full-field wind files with the necessary wind speed, turbulence intensity, power law 

coefficient and random seed values and accordingly emulates the wind conditions defined by 

the input climate conditions.  

The inflow full field transient flow with simulated turbulence incorporates many of the fluid 

dynamic features known to adversely affect turbine aeroelastic response and loading. Wind 

inflow field is stochastic by nature. Inflow wind field is not only determined by the input’s 

parameters, but it also needs the randomness, so that two wind field realizations with the same 

distinctive wind speed, turbulence intensity, etc. could produce a very different wind speed 

time series.  

This randomness is achieved by pseudorandom number generator which behaviour is driven 

by integer number. Thanks to the pseudorandom number generator algorithm do not need to 

be a fully random number to produce a random time domain pattern. This integer is called 

seed. So, to guarantee the full randomness property any time a wind inflow field is generated 

the seed need to be changed. 

According to [15], to consider the fully stochastic character of wind climate data, the optimal 

number of seed to be considered for each of the wind climate inputs sample is 75. Thus, as 

reports Table 6, the resulting number of NREL Open-FAST aero-elastic simulations o consider 

the stochastic character of the wind is the product of the number of wind climate samples and 

number of seeds. 

Table 6: number of simulation OPEN-FAST to evaluate fatigue equivalent damage for training 
the surrogate model.  

Trainning sample Number 

Nb of wind climate samples 400 

Nb of random seed 75 

Total numbe of NREL aroelastic simulations 30000 

 

With the wind turbine model and the wind conditions ready, a large stack of 30000 simulations 

was launched. Each run considered a normal production load case, with a 660 second length 
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and a 0.0125 second time step (80 Hz). The first minute of the results is supposed to be 

discarded before processing due to any simulation initialization instability. The resultant 

outputs are time series for various variables, such as blade pitch angle, generator speed and 

generator torque, which have been used, among others, to check if simulations were correctly 

performed. 

Among all the available internal loads estimated during the aeroelastic simulation, the ones 

that better describe the loads acting on the blade pitch bearings are bending moment of time 

series channels 'RootMxc1' and 'RootMyc1' which corresponds to the moment expressed in 

the coned coordinate system of Open-FAST. which according to its user manual is represented 

as Figure 12 and defined as in Table 7. 

 

Figure 12: Coned coordinate system 

 

Table 7: Coned coordinate system definition 

Name Description 

Origin 
Intersection of the rotor axis and the plane 

of rotation (non-coned rotors) or the apex of 
the cone of rotation (coned rotors). 

𝑥𝑐,𝑖 axis 

Orthogonal with the yc,i and zc,i axes such 
that they form a right-handed coordinate 

system. (i = 1, 2, or 3 for blades 1, 2, or 3, 
respectively) 

𝑦𝑐,𝑖 axis 

Pointing towards the trailing edge of blade i 
if the pitch and twist were zero and parallel 
with the chord line. (i = 1, 2, or 3 for blades 

1, 2, or 3, respectively) 

𝑧𝑐,𝑖 axis 
Pointing along the pitch axis towards the tip 
of blade i. (i = 1, 2, or 3 for blades 1, 2, or 3, 

respectively) 

 

The main difference between coned and the hub coordinate system is that the later do not 

consider the coning of blade and is normal to the centreline of the hub. The difference between 

coned and blade coordinate system is that the former moves solidary with the blade during 
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pitching, whereas the latter is not influence by pitch. Accordingly, blade and coned axis remains 

only aligned during 0 pitching angle.    

 

Figure 13: 𝑀𝑥 and  𝑀𝑦 load against time for WS: 4 m/s, TI: 5.85% and 𝛼: 0.32. 

 
Figure 13 shows the simulation of RootMxc1 and RootMyc1 which refers respectively to 
bending moment applied along the time in the blade pitch bearings for 4 m/s wind speed, 
5.85% of turbulence intensity and 0.32 of surface roughness exponent.   
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9. Damage equivalent load calculation in pitch 

slewing bearings of wind turbines 

The time-series with the blade root moments solved by OpenFAST needs to be processed to 

obtain the damage equivalent loads in blade pitch bearings. Most of the fatigue damage in 

pitch bearing is usually produced by the moment 𝑀𝑥𝑦 which is a combination of the bending 

moment in blade root. 

However, unlike other component, the load that produce the highest damage is usually not a 

pure 𝑀𝑥 or 𝑀𝑦 component but a moment in between both. Accordingly, not only 𝑀𝑥 and 𝑀𝑦 

and its corresponding damage equivalent load but the angular projections along the slewing 

bearing plane need to be calculated. 

Blade root moments time series in axis 𝑥 and 𝑦 are first considered and transformed to 𝛼 

projected location. To this end, the magnitude 𝑀𝑥𝑦(𝑡) and the phase of the equivalent moment 

𝑀𝑥𝑦(𝑡) need to be calculated first. 

𝑀𝑥𝑦(𝑡) = √𝑀𝑥(𝑡)
2 +𝑀𝑦(𝑡)

2, 𝑡 ∈  [0, 𝑡𝑠𝑖𝑚] (9) 

𝜃𝑥𝑦(𝑡) = atan(
𝑀𝑦(𝑡)

𝑀𝑥(𝑡)
) , 𝑡 ∈  [0, 𝑡𝑠𝑖𝑚], (10) 

 

And after that the projected 𝑀𝑥𝑦,𝛼(𝑡) yields (See Figure 14): 

𝑀𝑥𝑦,𝛼(𝑡) =  𝑀𝑥𝑦(𝑡) · cos(𝜃𝑥𝑦 −  𝛼) , 𝛼 = [1,360] (11) 

where 𝛼 is the projected angle. 

A total of 360 angular projections are calculated, one per degree, taking as 0 degree reference 

the 𝑥 axis of blade root coordinates.  

 

Figure 14: 𝑴𝒙𝒚, 𝑴𝒙𝒚,𝜶, 𝜽𝒙𝒚 and 𝜶 representation in a pitch bearing.  
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On a second step a rainflow counting algorithm is applied for each of the 𝑀𝑥𝑦,𝛼 time series. 

The rainflow counting approach was introduced in Matsuishi and Endo [18] and is the accepted 

method used to extract closed loading reversals or cycles.  

 

Figure 15. Rainflow analysis approach 

A slightly different approach from the Matsuishi and Endo rainflow algorithm called one-pass 

cycle counting method of Downing and Socie [19] is applied in this task. With this approach, 

unclosed partial cycles can be generated anywhere in the time-series, if certain criteria are 

met. The method attaches an unclosed cycle count of to these cycles. Complete cycles are 

assigned a cycle count of one. For typical wind turbine loads data, only a small percentage of 

cycles tend to be counted as partial cycles. These partial cycles are considered as half cycle. 

The rainflow returns three variables: cycles amplitude, cycles mean value and number of 
cycles. Amplitude and mean value are binned for their subsequent application in the calculation 
of fatigue equivalent loads. For this, a simplified formulation can be used. A symmetric 
Goodman diagram with straight constant lifeline in which the damage caused by 𝑁𝑒𝑞  cycles 

with range 𝑆𝑟,𝑒𝑞  and mean 𝑆𝑚,𝑒𝑞 must equal the damage of the above load spectrum: 

𝑆𝑟,𝑒𝑞 =

(

 
 
∑

(𝑆𝑟,𝑖 ·
𝑆𝑢 − |𝑆𝑚,𝑒𝑞|

𝑆𝑢 − |𝑆𝑚,𝑖|
)

𝑚

𝑁𝑒𝑞

𝑛

𝑖=1

)

 
 

1 𝑚⁄

 (12) 

 

From equation 12 it can be shown that the ratio of two equivalent load ranges of two spectra 

is independent of the chosen 𝑁𝑒𝑞 and independent of the chosen 𝑆𝑚, 𝑒𝑞.  

So, like the choice of 𝑁𝑒𝑞 an arbitrary choice for 𝑆𝑚, 𝑒𝑞 may be given. To evaluate the equivalent 

load cycle range rainflow cycles are projected on the ordinate axis, being 𝑅 =  −1, where 

mean cycle range 𝑆𝑚, 𝑒𝑞 = 0. The parameters 𝑚 and 𝑆𝑢 represent the material behaviour, being 

𝑚 the Wholer exponent and 𝑆𝑢 the ultimate load. 𝑆𝑢 has been obtained from results for extreme 

loading design load cases and its value is 381301 kN·m. Wohler exponent 𝑚 corresponds to 

cast iron m = 7. 

To simplify the load spectrum, it is often necessary to represent these loads as a single 

damage-equivalent load. This is a constant load range which in 𝑁𝑒𝑞 cycles will produce the 
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same amount of damage as the actual load spectrum with different load ranges 𝑆𝑖 and cycles 

𝑛𝑖. The equivalent range is multiplied by the rainflow cycles and both are added. The result is 

divided by the equivalent cycles 𝑁𝑒𝑞, obtaining equivalent 𝑀𝑥𝑦,𝛼 for 𝑁𝑒𝑞 cycles for 𝑅 = – 1. 

𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_−1 = (
∑ 𝑛𝑖𝑆𝑖

𝑚
𝑖

𝑁𝑒𝑞
)

1 𝑚⁄

 (13) 

 

The choice of 𝑁𝑒𝑞 is arbitrary. It is common to define 𝑁𝑒𝑞 = 𝑁𝑙𝑖𝑓𝑒, where 𝑁𝑙𝑖𝑓𝑒 is the number of 

cycles in the expected life of the wind turbine, but to be able to directly compare fatigue tests 

with standard, 𝑁𝑒𝑞 should be at least 5x106. For this case 𝑁𝑒𝑞 = 107 has been chosen. 

𝑁𝑅𝑒𝑓 is the ratio between turbine lifetime and aeroelastic simulation time span. In this case the 

wind turbine lifetime is considered 40 years. 

Once the 40-year equivalent load at R = –1 has been calculated, the result is projected to 𝑅 =

 0, because a load at 𝑅 = – 1 has no physical sense. 

𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 = 
𝑀𝑥𝑦_𝑒𝑞_𝑅_−1

1 − (−0.5
𝑀𝑥𝑦_𝑒𝑞_𝑅_−1

𝑆𝑢
)

 
(14) 

 

In that way, equivalent loads for 40-year lifetime are obtained from single 10-minute damage 

equivalent loads. This method has proven to be much more efficient, in time and memory 

usage, than calculating the 40-year fatigue loads directly, which resulted to be slow due to the 

large tri-dimensional arrays with the time series, output files and projected angles. The damage 

equivalent load for each of the simulation is calculated for 𝛼 = 1,360 degrees as shown in 

Figure 16. In the represented case, the maximum loading angle is 42 degrees with a value of 

202639 kN.m. 

 

Figure 16. Damage equivalent load distribution in kN·m 
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10. Surrogate model trainning 

The surrogate model will consist in a function that return damage equivalent load in pitch 

bearing using as inputs the climate condition in the inflow of each of the WTGs of the farm. 

Note that even if climate conditions change from WTG to WTG, the same surrogate is used to 

evaluate all of them showing the potential of the method. In section 7.3 the inputs in form of 

wind turbine climates and in 9 their corresponding output, that is damage equivalent load for 

each of the inputs and for each of the 𝛼 were defined. 

A 360 × 75 surrogate models have been defined, one per 𝛼 parameter and per seed. Surrogate 

models have been developed using UQlab code [16]. One of the main challenges when 

calibrating an accurate Kriging model is to select an appropriate trend and correlation function. 

By a combinatorial approach [15] found that universal Kriging with a quadratic trend and the 

Matérn 3/2 correlation function yielded the best results overall for evaluating damage 

equivalent load from climatic input condition. Accordingly, the mentioned trend and correlation 

function were used in all the surrogate models. 

10.1. Cross validation of surrogate model 

Figure 17 reports the cross-validation exercise applied in the surrogate model to check its 

accuracy. This exercise consists in calibrating the surrogate model with n-1 calibrating points, 

in our case 399 points, evaluate the point left with the surrogate model and compare with the 

result attained in the aeroelastic code. This is repeated for all the training points, that is 400 

times. This process has been applied to the first seed training points only.  

 

Figure 17: cross validation: training sample result vs surrogate model result  

Result shows a correlation 𝑅2 =0.999 and which provides evidence of the high accuracy 

attained by the surrogate model. 
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11. Turbine to turbine pitch bearing damage 

equivalent load prediction for lifetime 

A general expression for calculating damage equivalent load of a pitch bearing wind climate 

data can be defined as: 

𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑟𝑒𝑓 = (
𝑇𝑟𝑒𝑓

𝑇𝑠𝑖𝑚
∑𝑃𝑘(𝜃𝑘)∫ ∫ ∫ 𝑓(𝑈, 𝛼, 𝜎𝑈|𝜃𝑘) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0

𝑚
(𝑈, 𝛼, 𝜎𝑈)  𝑑𝑈 · 𝑑𝜎𝑢 · 𝑑𝛼

𝛼𝜎𝑈𝑈

𝑛𝜃

𝑘=1

 )

1/𝑚

  (14) 

where: 

• 𝑇𝑟𝑒𝑓 is the reference period, 

• 𝑇𝑠𝑖𝑚 is the simulation time in aeroelastic code, 

• 𝑛𝜃 is the number of sector considered in the wind rose,  

• 𝑃𝜃 is the probability that in the reference period wind blows from the 𝜃 sector of the 

wind rose,  

• f is the wind climate probability distribution which is dependent of sector 𝜃  

• U is the wind speed,  

• 𝛼 is the surface roughness,  

• 𝜎𝑈 is the wind turbulence,  

• 𝑚 is the Wohler exponent    

To evaluate the surrogate model uncertainty, it is necessary to assess 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑟𝑒𝑓 by direct 

simulation. This is not trivial and involves hundreds of thousands of aero-elastic simulations, 

hence, it is relevant to discuss the applied method to integrate the fatigue load in detail.  

To find an optimal numerical integration scheme of the triple integral expression, which defines 

the sector wise fatigue equivalent load, Monte-Carlo (MC) sampling is used. The tripple integral 

numeric integration by MC can be defined as: 

  

∫ ∫ ∫ 𝑓(𝑈, 𝛼, 𝜎𝑈|𝜃𝑘) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0
𝑚

(𝑈, 𝛼, 𝜎𝑈)  𝑑𝑈 · 𝑑𝜎𝑢 · 𝑑𝛼
𝛼𝜎𝑈𝑈

≈
1

𝑁
∑
𝑓(𝑈𝑖 , 𝛼𝑖 , 𝜎𝑈𝑖|𝜃𝑘) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0

𝑚
(𝑈, 𝛼, 𝜎𝑈)(𝑈𝑖, 𝛼𝑖, 𝜎𝑈𝑖)

ℎ𝑀𝐶(𝑈𝑖, 𝛼𝑖, 𝜎𝑈𝑖)

𝑁

𝑖=1

 

(15) 

 

To use previous expression, the joint climate probability distribution of each particular WTG is 

required. In [15] and [20] procedure for estimating joint wind climate probability distribution is 

reported. 

In this task a different approach is considered. [15] evaluated the number evaluation needed 

to converge previous MC integration. It was stated that a reasonable number of points was 

25,000 evaluations. In section 6, 2 years 10 min averaged climate data were particularized for 

the inflow of each WTG of the wind farm. Accordingly, 102004 points naturally sampled 

according to joint wind climate inflow are already available. Thus, for MC integration it is 

decided to use inflow 102004 points for integrating numerically the triple integral of expression 

(15). 
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12. Damage equivalent load in pitch bearing 

Figure 19 reports the convergence of maximum 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 for 40 years for all the WTG of 

the wind farm. Each of the lines represent a WTG. The chart is only represented until 35000 

points for better showing the initial variation but it can be verified that the convergence level of 

predicted values is already below 0.005% in all the wind turbines of the farm. Accordingly, the 

MC convergence is validated.  

 

Figure 18: MC run convergence of 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎  for all the WTG 

  
a) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 b) maximum moment 𝛼 

Figure 19: max predicted 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎_𝑹𝒆𝒇 vs 𝜶 in pitch bearings of wind farm 
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Figure 19(a) reports the maximum fatigue equivalent damage in form of 𝑀𝑥𝑦 moment 

distribution across the wind farm. Figure 19(b) reports angular location (𝛼) of the maximum 
𝑀𝑥𝑦 moment across the wind turbine. In all the WTGs the maximum 𝑀𝑥𝑦 moment takes place 

at the same location, at 𝛼 = 41 degrees. 

  

a) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 vs 𝛼 
𝑏) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 vs 𝛼 with 𝜎, 2𝜎, 3𝜎 bounds and 

average value 

Figure 20: Superposed 𝑴𝒙𝒚 plots of all WTGs of the wind farm and dispersion bounds 

Figure 20(a) reports the superposition o f 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 distribution across the 𝛼 angle, 

whereas Figure 20(b) reports the average across all the wind turbine 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 and in 

addition  𝜎, 2𝜎, 3𝜎 dispersio bounds .  

 

Figure 21: average and dispersion bound focused on  

Finally, Figure 21 plot the same data than Figure 20(b) but focused on maximum 

𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 value and Figure 22 reports the probability distribution in form of histogram. 
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Figure 22: probability histogram of Max 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎_𝑹𝒆𝒇 across wind farm 
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13. Discussion and conclusions 

Regarding the method, in this task a method for forward propagating variabilities and 

uncertainties related to design inputs has been proposed and its effectiveness demonstrated. 

The proposed method is not only valid for propagating uncertainty or variability for the variable 

considered here but also for different wind climates, wind farm location and corresponding 

WTG layout, and, finally, WTG and its aeroelastic models input parameters. Note that this 

method could help engineer to efficiently analyse the impact on wind turbine components. For 

example, the impact of change location for a new Park. Note that for, as for many other cases, 

it is not necessary to train again the surrogate model provided that it is trained in a large enough 

domain to fit the climate condition of the new farm on it. Accordingly result would be obtained 

even much faster than in the deterministic calculation since no aeroelastic run would be 

needed. This is only an example of the advantages of the here considered methodology.  

The use of surrogate or metamodel mitigates the main Monte Carlo integration’s drawback 

which is related to the number of times the method needs to evaluate the input parameter-load 

transference function. As it has been mentioned in this report, the wind turbine aero-hydro-

servo-elastic models used for predicting loads on wind turbine components operates on time 

domain partial differential equations and, solving it, requires very significant time and 

computational cost. The use of MC approach combined with aeroelastic mode will be 

impractical for the day by day design of wind turbines. But when MC is combined with surrogate 

models the method of propagating uncertainties seem to be very reasonable.  

The unique limitation is to define a surrogate model accurate enough to fit the underneath 

aeroelastic model covering all the potential design input domain. Methods such as the cross-

validation error applied in this task enable to test and check the accuracy of the surrogate 

model and assist when more accuracy is needed in which subdomains need to improve the 

accuracy with additional samples.  

Note that with the use of Halton sequence sampling, if the engineer verifies that the required 

sampling points to train the surrogate model are not enough, method are available to add new 

points to those subdomains where error is above the allowable limits without needed to discard 

the already evaluated ones using method such as sequential DACE [21]. 

In this task the stochastic prediction of fatigue load has been calculated but the approach can 

be extended to any ultimate or dynamic assessment analysis. However, in the case of fatigue, 

the analysis needs to be made in terms of fatigue damage equivalent loads. The propagation 

of parameter based on time series continues still being an open problem.  

The prediction of input uncertainty in the generated load provides a tool for the analyst to switch 

from the partial safety factor-based design to reliability-based design. This should reduce the 

conservativeness of design, reducing the material consumption in components and, by 

extension, the wind turbine LCOE, making wind turbine technology more competitive and 

attractive.  

This method can be also extended to use in Reliability Based Optimization (RBO). Note that 

the use of Monte Carlo is particularly well addressed against other approaches such a as 

FORM, SORM method based to operate with large number of input parameter with variabilities 

an uncertainty. Regarding the attained results, in section 12 result of the wind turbine to wind 

turbine variability are provided. The obtained fatigue damage equivalent load have less 
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dispersion than the one authors initially expected. Also it was expected that the DEL would be 

larger in the centre inner WTG than in the outer perimeter. This is not the case in the results.  

Figure 9 reports the influence of WTG location in inflow wind speed and turbulence. Note that 

the wind turbine located in the first row receive significnatly lower turbulence and slighly higher 

wind speed with respect the WTC located in the back rows.  This two initially expected trends 

are both related to the influence of the turbulence in pitch bearing loads. If the influence of 

turbulence is high the DEL should have a larger scatter from wind turbine to wind turbine and 

also the WTG located at the centre or the farm should have larger influence.However, if on the 

contrary, wind speed should have more impact and turbulence significnatly less then the result 

attained in this task are more consistent. 

 

Figure 23: DEL vs wind speed, turbulence and surface roughness. 

Figure 23 reports the influence of wind speed, turbulence and roughness in the wind inflow 

samples defined for training the model. Note that correlation with DEL is only detected with 

wind speed. For the turbulence and the roughness, the correlation is not significant. This 

means that the applied turbulence is not creating significant influence on DEL related to pitch 

bearing.  

The highest impact on pitch bearing blade DEL seem to be related to the own weight of the 

blades as it is evidenced in Figure 13 in which blade rotation cause a sinusoidal-like shape 

time-series, affecting both, 𝑀𝑥 and 𝑀𝑦. According to Figure 23 wind speed seen to have also 

influence but not the turbulence for this particular model. 

Once this is evidenced, the result interpretation is more straightforward. DEL of 𝑀𝑥𝑦 moment 

in pitch bearings is mostly influenced by the blade weight. Turbulence has very little influence 

on DEL and even if turbulence change is very significant among WTGs, since its influence is 

very low, this is not traduced in DEL substantial differences. The difference between the outer 

perimeter and inner WTGS seems to come from the wind speed difference WTG are subjected. 

However, as reports Figure 8, the wind loss generated in the second and next rows of wind 

turbine comparing the first row is not very large accordingly the difference in DEL is not very 

significant. Wind speed influence also explain why the first row located in south-east is the 

ones that suffer the highest DEL since it is oriented towards the predominant wind according 

to the wind rose (see Figure 5).  
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14. Outputs for Other WPs 

The result attained in this project will be used for the prediction of pitch bearing probability of 

failure in T2.1. In what follows the results attained in the project are reported again. 

Additionally, a table is reported in which Max 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 is provided for all the WTGs of 

the farm.  

  
a) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 b) maximum moment 𝛼 

Figure 24: max predicted 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎_𝑹𝒆𝒇 in pitch bearings of wind farm 

 

  

a) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 vs 𝛼 
𝑏) 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 vs 𝛼 with 𝜎, 2𝜎, 3𝜎 bounds 

and average value 

Figure 25: Superposed 𝑴𝒙𝒚 plots of of the wind farm and dispersion bounds 
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Figure 26: average and dispersion bound focused on 𝑴𝒂𝒙 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎_𝑹𝒆𝒇 

 

Figure 27: probability histogram of Max 𝑴𝒙𝒚_𝜶_ 𝒆𝒒_𝑹_𝟎_𝑹𝒆𝒇 across wind farm 
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Table 8: Max 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0_𝑅𝑒𝑓 per win turbine 

WTG 
ID 

Max 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 

[kN.m] 

WTG 
ID 

Max 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 

[kN.m] 

WTG 
ID 

Max 𝑀𝑥𝑦_𝛼_ 𝑒𝑞_𝑅_0 

[kN.m] 

1 204640.9 35 204019.1 69 204203.9 

2 204366.7 36 204759.7 70 204011.9 

3 204873.4 37 204615.7 71 204754.9 

4 204250.6 38 204209.3 72 204606.4 

5 203901.7 39 204216.0 73 204207.8 

6 204302.4 40 204018.0 74 204209.0 

7 204678.9 41 204761.3 75 204022.2 

8 204218.1 42 204616.2 76 204754.3 

9 204161.8 43 204207.7 77 204593.7 

10 204031.5 44 204214.1 78 204207.7 

11 204857.4 45 204017.0 79 204188.5 

12 204438.2 46 204760.5 80 204033.6 

13 204118.1 47 204615.6 81 204753.0 

14 204123.6 48 204206.7 82 204593.4 

15 204036.6 49 204215.4 83 204222.5 

16 204618.1 50 204018.0 84 204231.1 

17 204568.5 51 204759.8 85 204056.6 

18 204161.7 52 204614.7 86 204747.5 

19 204186.0 53 204205.2 87 204545.5 

20 204025.3 54 204215.8 88 204269.0 

21 204731.4 55 204017.3 89 204172.8 

22 204602.5 56 204759.8 90 204121.5 

23 204191.7 57 204615.6 91 204708.7 

24 204205.5 58 204204.1 92 204724.1 

25 204024.5 59 204215.9 93 204415.4 

26 204758.0 60 204017.3 94 204297.5 

27 204615.3 61 204758.8 95 204306.8 

28 204209.9 62 204613.8 96 204863.9 

29 204204.7 63 204205.4 97 204546.4 

30 204017.1 64 204214.2 98 204206.3 

31 204759.0 65 204014.1 99 204694.8 

32 204611.2 66 204755.6 100 204988.8 

33 204209.7 67 204613.0 101 204613.9 

34 204211.1 68 204208.9 102 204960.0 
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16. Annex 

16.1. customized Nrel-Floris code  

 

Figure 28. FLORIS additional code to return wind speed and turbulence intensity values 

 

 

 


