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Abstract. Starting from a consolidated open-source software for wind turbine simulation (OpenFAST), the effects
of operation in non-ideal conditions on power production of a theoretical 5 MW wind turbine are evaluated. Ca-
pacity factor (CF) and the levelized cost of energy (LCOE) for a 500-MW wind farm considering two locations,
one in the northeast of Brazil and another on the North Sea, in Europe, are evaluated. Representative parameters of
non-ideal operational situations are identified and probabilistic models are proposed for the associated uncertain-
ties. Afterward, propagation of uncertainties through Monte Carlo simulations is carried out, and finally, supported
by a global sensitivity analysis based on Sobol indexes, situations that should be primarily treated are identified.
The results indicate that the mean CF is up to 9% lower and mean LCOE is up to 12% lower than their reference
values. Finally, the sensitivity analysis indicates that the greatest influence on generation of the wind turbines and
economic feasibility of wind farms are regarded to rotor misalignment with the wind.

Keywords: global sensitivity analysis; levelized cost of energy; Stochastic power production; Wind turbine dy-
namics

1 Introduction

Wind power is one of the most promising renewable sources for the energy transition. Wind farms have
spread out all over the world due to decreasing costs, government incentives and technology evolution. For the
latter, it can be highlighted the increase in size, height and power capacity of wind turbines and the massive use
of digitalization and digital twins along the whole asset life [1]. Due to capacity evolution, although specific
costs decrease, deviations from ideal operations may cause greater impact in performance and asset life than those
observed for smaller wind turbines. On the other hand, digital twins provide support for strategic decision making,
by promoting understanding of how these deviations can affect both efficiency and health of wind turbines.

In view of this scenario, the objective of this paper is to analyze the effects of operation under non-ideal
conditions on the power of wind turbines and on the levelized cost of energy for two hypothetical 500-MW wind
farms, one in the Atlantic Ocean near the northeast coast of Brazil and another in the North Sea near the southeast
coast of England, helping to define priorities for preventive action and quantification of risks.

2 Non-ideal operation

Wind farm net energy generation results from wind resource, wind turbine characteristics and production
losses. Part of them are due to loss of turbine performance, related to sub-optimal control settings, high wind
control hysteresis and wind conditions departing from power curve design [2]. The resultant non-ideal operation
do not result in the immediate cessation of generation, but compromises its performance. From the studies of
Luengo and Kolios [3], Márquez et al. [4], three conditions stand out: (i) yaw misalignment; (ii) rotor aerodynamic
imbalance; (iii) rotor mass imbalance.

Yaw misalignment is observed when the rotor is not facing the wind direction and is mainly caused by
measurement errors linked to improper installation or poor calibration of the wind vane sensor and wind flow
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distortion by blade’s activities, terrain complexity or wakes of neighboring wind turbines [5]. From the studies of
Hojstrup [6] and Steinmetz [7], it is responsible by 1% to 2% loss of annual energy production (AEP), in average.

In turn, rotor aerodynamic imbalance is induced by offsets in pitch and twist angles among the blades, de-
parting from their reference values. Main causes for aerodynamic imbalance are pitch system and control loop
failures or errors during assembly or manufacture process [8]. Elosegui et al. [9] verified that for discrepancies of
2◦ in just one blade, AEP expected loss is 1%.

At last, rotor mass imbalance results from differences between blades total masses or mass distributions due
to manufacturing issues, aging degradation, wear and fatigue during operation, as well as, excessive mass addition
for repair and water penetration [10]. Zhao et al. [11] showed that the mass imbalance is responsible for a delay in
the starting process and fluctuation in power generation.

3 Methodology

3.1 Wind turbine and wind farm

The NREL offshore 5-MW baseline wind turbine from Jonkman et al. [12] was considered. The model
represents a three-bladed, upwind horizontal axis wind turbine with rotor diameter of 126 m and hub-height of
90 m above tower base. Cut-in, rated and cut-out wind speed are 3 m/s, 11.4 m/s and 25 m/s, respectively. For
the economical evaluations of this study, it was considered a hypothetical offshore wind farm with an installed
capacity of 500 MW, consisting of 100 x 5-MW baseline wind turbines.

3.2 Stochastic model

The inputs assumed to be random variables were the wind speed, yaw misalignment for the rotor, pitch
deviation, tip twist error and total mass of each blade, as shown in Table 1.

For wind speed at hub height, Weibull distributions are fitted to reanalysis data from 2000 to 2018 for two
locations: London Array Offshore Wind Farm center location (North Sea) [13] and EOL Planta Piloto de Geração
Offshore (RN/Brazil) [14].

Yaw misalignment distribution is obtained by considering data from Hojstrup [6] for the static deviation and
from Song et al. [15] for the dynamic component. Pitch error probabilistic model is derived from the assumptions
made by Cacciola et al. [8], Elosegui et al. [9]. For the twist offsets for the blade tip, the same distribution adopted
by Robertson et al. [16], Petrone et al. [17] is applied. Besides, this value declines linearly from blade tip to root,
where no twist error is produced. For the blade mass deviation, results from Braam et al. [18] analysis for a set of
37 blades of wind turbines are adapted to the 5-MW NREL wind turbine blade.

Table 1. PDFs for uncertain inputs.

Input PDF Reference

Wind speed (m/s) Weibull 2-par (Figure 1) [19]
Yaw misalignment (◦) Normal(0◦, 12.81◦) [6, 15]

Pitch error (◦) Normal(0◦, 2.1493◦) [8, 9]
Twist error (◦) Uniform(−2◦, 2◦) [16, 17]

Blade mass deviation (ton) Normal(17.74, 0.36), supported on [15.97, 19.51] [18]

3.3 Monte Carlo simulations

Through SALib [20], a sensitivity analysis library for python, Sobol quasi-random sequences are used to
generate samples for the uncertain inputs. As mentioned by Saltelli et al. [21], these sequences outperform crude
Monte Carlo sampling in the estimation of multi-dimensional integrals, since they allow a ordered and progressive
filling of the space.

Model realizations were obtained using NREL OpenFAST (Fatigue, Aerodynamics, Structures and Turbu-
lence) Code, an open source framework composed of different modules that together provide a coupled aero-hydro-
servo-elastic solution for wind turbine simulation [22].
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Figure 1. Weibull parameters for years 2000 to 2019 and PDF for RN/Brazil and North Sea locations in 2019.

The quantities of interest for this study are the capacity factor (CF) and levelized cost of energy (LCOE) for
two hypothetical 500-MW wind farms. The first step is to get an effective power curve, considering the influence of
the aforementioned uncertain inputs. To do it, 24 wind speeds are chosen between wind turbine cut-in and cut-out
and, for each of them, OpenFAST is used to simulate power generation over time until steady state is reached. The
mean value during this last phase is associated to the corresponding wind speed. Through linear interpolation, the
effective power curve is built for the sampled set of uncertain parameters.

Once the power curve is defined, gross annual energy production (AEP) for the locations and for each year
is calculated using power curve and the wind speed CDF, both discretized in n bins. Besides, a combination of
losses should be considered to obtain the net AEP [2]. Equation (1) is used to get the net AEP for a wind farm,
where Fi is the probability of occurrence for bin i of wind speed, Pi is power generation for bin i, Tyear is the
number of hours of the year, NWT is the number of wind turbines for the wind farm and Ltot is the total power
losses considered.

AEPnet = (1− Ltot)NWTTyear

n∑
i=1

FiPi (1)

The total loss (Ltot), calculated through Equation (2), is dependent on losses related to wake effects (Lwk =
6.7%), availability (Lav = 6.0%), electrical losses (Lel = 2.1%), environmental (Lev = 2.6%) and curtailments
(Lct = 0%) [2]. Turbine performance losses are related to the operational cases under evaluation and affect the
power curve, therefore a constant factor is not applied for Ltot calculation.

Ltot = 1− (1− Lwk)(1− Lav)(1− Lel)(1− Lev)(1− Lct) (2)

Following the net AEP, capacity factor CF is given by Equation 3, where AEPideal is the energy that would
be generated if the wind farm were operated at full capacity (Pfull) over a year (Tyear) [23].

CF =
AEPnet

AEPideal
=

AEPnet

PfullTyear
(3)

The last quantity of interest is the LCOE, which is the present value of the price of produced electrical
energy considering the economic life of the plant and costs [23]. For this study, the costs considered are CAPEX
(Capital Expenditures) and OPEX (Operational Expenditures), and LCOE is calculated according to Equation 4.
The economical data used as input for the analysis is shown in Table 2.

LCOE =
CAPEX +

∑T
t=1

OPEXt

(1+WACC)t∑T
t=1

AEPnet,t

(1+WACC)t

(4)

Regarding convergence of simulations, the mean square convergence was adopted considering the quantities
of interest as output parameter. It was observed that 500 simulations were enough to guarantee the convergence.
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Table 2. Wind farm economical data.

Capacity (Pfull) 500 MW
Economical Life 20 years [24]

CAPEX (per MW) 4,609 USD/MW [25]
Annual OPEX (per MW) 3.5% of CAPEX [24]

Weighted Average Cost of Capital (WACC) 10% per year [24]

Moreover, for a simulated time of 60 seconds, almost 180 seconds were necessary to execute the NREL OpenFAST
code, using a Intel Core i7-5500U @2.40 GHz dual core notebook with Windows 10 and 8 GB of RAM. By using
parallel processing, four simulations could be carried out simultaneously, which allowed the 500 simulations per
fixed wind speed to take near 6.5 hours to be concluded.

3.4 Sensitivity analysis

Sensitivity analysis is employed to understand how uncertainty in the output of a model can be apportioned
to different sources of uncertainty in the model input [26]. In this study, outputs are the quantities of interest
presented in 3.3 and inputs are the parameters indicated in 3.2. Moreover, a global sensitivity analysis is adopted,
since it is concerned with the entire range of the input variables instead of focusing on local results.

For global sensitivity analysis, output variance is generally decomposed using ANOVA-HDMR (Analysis of
Variance - High Dimensional Representation) in order to segregate the effects due to each input and also due to
interactions between variables. By normalizing the decomposition terms using the total variance of the output,
Sobol indexes are defined. The most useful are the first-order and the total effects indexes [26].

According to Saltelli [26], the first-order Sobol index represents the main effect of an input to the variance of
the output and is employed to identify which factor, once fixed to its true value, would lead to the greatest reduction
in the variance of output. First-order Sobol index (Si) is given by Equation 5, where VXi (EX∼i(Y | Xi)) is the
variance due to main effect of a single variable (Xi), EX∼i(Y | Xi) is the average of Y taken over X∼i (all factors
but Xi), and V (Y ) is the variance of the output Y .

Si =
VXi

(EX∼i
(Y | Xi))

V (Y )
(5)

On the other hand, a total effect index account for the total contribution to the output variation due to a specific
input, regarding first-order and interactions effects. Total effects indexes are used to identify factor which make no
significant contribution to the output variance and, as a result, could be fixed at any given value within their range
of variation. Total effects Sobol index (STi) is given by Equation 6, where EX∼i (VXi(Y | X∼i) is the remaining
variance of Y that would be left, on average, if the true values of all variables but Xi could be determined.

STi =
EX∼i

(VXi
(Y | X∼i))

V (Y )
(6)

For calculating the indices, a python routine applying the SALib library [20] was developed. The methodol-
ogy for numerically and efficiently estimate the first order and total effect indices is based on Sobol [27], Saltelli
[28] and Saltelli et al. [21]. In brief, the main steps are firstly the generation of two independent matrices, where
each line is formed by values drawn from the uncertain parameters distributions, followed by the definition of de-
rived matrices related to the input and Sobol index of interest and by the computation of the model outputs for the
first and derived matrices. From the results, averages and variances are estimated and used for indices calculation.

4 Results

4.1 Uncertainty Propagation

The propagation of uncertainties is firstly performed for the power curve of the 5-MW wind turbine (Figure
2). The red area represents a 95% stochastic envelope, the dashed blue line is the mean value of power production
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and the dashed black line is the nominal power curve. The effects of non-idealities are more prominent for wind
speeds up to 14 m/s. The gap between reference curve, mean and lower bound of the P95 envelope increases
as the wind speed rises, peaking near the rated wind speed and drastically decreasing until 14 m/s, from where
uncertainties produce no variation on power production.

Figure 2. Uncertainty propagation for wind turbine power curve.

As consequence of uncertainties in model inputs leading to variability in power curves, CF for each wind
farm along their economical life is also uncertain. Figure 3 presents the CF histogram and shows the differences
observed from reference to the mean and to the lower bound of the 95% stochastic envelope.

Figure 3. Capacity Factor (CF) histograms for 500-MW wind farm in the North Sea and in the Rio Grande do
Norte coast (Brazil).

The histograms show similar behavior for both locations, with occurrences increasing along side CF, reaching
the highest probabilities near the reference value. However, for the Brazilian wind farm, the distribution is less
concentrated near the reference value than that of the North Sea. As a result, the mean and the lower bound of the
envelope are also lower in absolute and relative terms.

LCOE histograms (Figure 4) show an inverted behavior to the previous ones, which is explained by LCOE
dependence on the inverse of net AEP series present value. Also, input uncertainties indicate scenarios of higher
LCOE, reducing economical attractiveness of the wind farms. Mean values for LCOE could be 6.7% higher for the
wind farm in North Sea and 11.7% higher for Rio Grande do Norte coast than the reference value. For the extreme
2.5% resultant scenarios, LCOE could be 26.8% higher in Europe and 47% in Brazil.
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Figure 4. Levelised Cost of Energy (LCOE) histograms for 500-MW wind farm in the North Sea and in the Rio
Grande do Norte coast (Brazil).

By comparing the results of uncertainty propagation on the quantities of interest, it can be verified that the
same uncertain inputs cause larger effects for the Rio Grande do Norte wind farm. The main reason for this is
related to the wind speed distributions. For the Brazilian location, wind speeds are basically concentrated below
15 m/s, which is the range where effects of uncertainty are also more relevant, as seen in Figure 1. On the other
hand, in the European site there is a more spread distribution with relevant cumulative frequency above 15 m/s,
where the effects of uncertainty on power production are negligible.

4.2 Sobol Indexes

Even though the results of uncertainty propagation are known, it is paramount to understand which inputs
are the most relevant and which of them (if any) could be neglected regarding power production. By calculating
first order and total effects Sobol indexes for the uncertain parameters, both goals are achieved. Figure 5 presents
indexes plots for the quantities of interest and the uncertain inputs for both locations.

Figure 5. First order and total effects Sobol indexes.
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The same pattern, independently of location and quantity of interest, is observed in all plots of Figure 5: yaw
misalignment is the parameter with the highest value for first order and total effects indexes, while those for twist
and mass deviations are very near to zero. Moreover, values for first order and total effects indexes for each input
are close, indicating that interactions among parameters are of little relevance compared to the direct effects.

Since output variances are basically influenced by the direct effect of yaw misalignment uncertainty, whose
contribution exceeds 90% in all cases, it is recommended that actions be taken to reduce yaw uncertainty. For
instance, the use of nacelle-mounted LIDARs or spinner-integrated ultrasonic anemometers could minimize the
uncertainty during development phase and generation loss during operation phase.

Contrarily to yaw, the influence of twist and mass deviations could be neglected for the quantities studied and
could be fixed to their reference values. However, it is important to point out that these variables can still cause
loss of generation and revenue, since both can increase fatigue and damage on main components, reducing their
lives and causing wind turbine downtime. Another relevant consideration is that the relative importance of the
uncertain inputs is dependent on the characterization of their distributions and supports. Had diverse assumptions
or additional data been adopted for the stochastic modeling, other distributions would have been found for the
parameters, which could have produced different results.

5 Conclusions

In this study, the influence of non-ideal operation situations on the power curve of a 5-MW reference offshore
wind turbine, as well as on capacity factor and levelized cost of energy for 500-MW hypothetical wind farms
on offshore sites in Europe and Brazil. To achieve the results, Monte Carlo simulations using OpenFAST code
were performed and a stochastic approach was considered for the uncertain inputs. To help defining priorities for
preventive action, a global sensitivity analysis using Sobol indexes was conducted.

Uncertainty propagation showed that the effective power curve for the 5-MW reference offshore wind turbine
was mostly affected for wind speeds from cut-in to rated power. Considering these power curves and wind speed
distributions, capacity factor would, in average, be reduced in 6% to 9% while LCOE would increase from nearly
7% to 12% for 500-MW wind farms in North Sea and RN/Brazil, respectively. The uncertainties on these outputs,
as showed by sensitivity analysis, are mostly related to direct influence of yaw misalignment uncertainty and could
be mitigated by the use of instruments to guarantee precise measurements during wind turbine operation.
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