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Nowadays, one of the biggest challenges for wind turbines is to reduce operation and maintenance costs.
Therefore, it is essential to develop predictive maintenance, anticipating failures early and thus avoiding un-
necessary actions on the wind turbine. In this way, the uptime and performance of the turbine are maximized,
and its useful life is extended. This work describes a general methodology for fault detection based on proba-
bilistic models and its evaluation. This methodology combines a fault detection method based on the Fisher Test
and the development of probabilistic models of wind turbine power curves. Several probabilistic models of power
curves have been evaluated: Gaussian mixture model (GMM), Frank copula model, Gaussian mixture copula
model (GMCM), Gaussian process regression (GPR) and epsilon-insensitive loss function support vector regres-
sion (e-SVR). The results indicate that the Gaussian mixture copula model is the most efficient in terms of ac-
curacy and computational cost. The detection of a wind turbine orientation misalignment error has been tested as
a use case. It is shown how with this probabilistic approach it is possible to detect the fault in a short period of
time from its appearance, 10-30 times faster than other techniques found in the literature with which it has been

compared.

1. Introduction

In recent years, attention and interest in climate change-related is-
sues have increased steadily. Society’s growing energy demand together
with greater environmental awareness have driven the transition and
use of clean and sustainable energy sources [1,2]. A clear example of
renewable alternatives is wind energy, capable of producing electricity
in both, onshore and offshore wind farms, which has established itself as
an energy option of great importance for the future, as demonstrated by
its rapid growth in recent years [3].

To maximize the use and profitability of wind turbines, it is necessary
to ensure their efficiency and reduce operation and maintenance (O&M)
costs [4]. To date, the most common types of maintenance used in the
industry are corrective and preventive. The disadvantages of corrective
maintenance are clear: the action is carried out when the turbine has
already stopped, which increases losses due to the inoperability of the
turbines along with the costs of materials and personnel necessary to
correct the unexpected failure. Preventive maintenance alleviates this
disadvantage by performing interventions at fixed intervals to prevent
failures before they occur. However, these interventions often involve
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performing unnecessary actions on components that would not need
them, thus increasing the frequency of downtime and maintenance
costs. In contrast, predictive maintenance overcomes the aforemen-
tioned disadvantages by anticipating failures prematurely and thus,
avoiding unnecessary actions on the wind turbine, reducing O&M costs
and maximizing uptime and performance [5,6].

To carry out this predictive maintenance, it is necessary to identify in
advance when the turbine is operating in suboptimal conditions or
shows some kind of anomaly. To evaluate these deviations from the ideal
or expected behaviour, it is necessary to have an accurate model of the
wind turbine power curve, since this curve is the best indicator of the
performance of the wind device [7]. Modelling the shape and values of
this power curve, which relates the electrical power generated as a
function of the wind at that instant, is a non-trivial challenge. This is
due, among other reasons, to the non-linear and complex nature of the
system variables and the uncertainty associated with the measurements
and values. Indeed, wind turbine’s actual power curve is influenced by
various factors (e.g., air density, wake effects) and that there is signifi-
cant variability even between wind turbines of the same type and brand
within the same wind farm.
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There are various approaches to obtain the model of the operation of
the wind turbine. One of the first options to consider is to obtain an
analytical model of the system, based on the physical laws that govern
its operation [8]. However, as will be discussed in the following sections,
this option is not feasible in many real physical systems. Another option
would be to use the power curve supplied by the manufacturer, which
characterizes each particular turbine. But it is not a satisfactory solution
either, among other things because the technical characteristics of the
power converters in many cases differ from reality.

A possible alternative that may be more accurate and realistic in
reflecting the behaviour of the wind turbine is the use of data-driven
algorithms [9-14]. These methods, which rely on machine learning
and Al techniques, have the ability to adapt to the particular conditions
of the case under study and provide accurate and reliable results. In
addition, some of these techniques provide confidence intervals that
take into account the variability of the data, which is very beneficial as it
can help estimate the probability of an imminent failure. This is why to
deal with this inherent variability in the power curve we use data-driven
algorithms rather than a theoretical or original equipment manufacturer
(OEM) power curve.

Thus, in this work, we propose a novel approach for obtaining and
analysing data-driven based power curve models that allow inferring the
uncertainty associated with the fault prediction. That is, a probabilistic
evaluation methodology is developed for fault detection. To do so, we
chose five probabilistic models: Gaussian mixture model (GMM), Frank
copula model, Gaussian mixture copula model (GMCM), Gaussian pro-
cess regression (GPR), and support vector regression with epsilon-
insensitive loss function (e-SVR) for demonstrating and testing our
fault detection proposal. These approaches not only model the behav-
iour of the power curve but, crucially, also consider the associated un-
certainty [15]. While other, perhaps more modern models [16] may
excel in prediction accuracy, they often lack the explicit uncertainty
quantification that is fundamental to our probabilistic evaluation
method. Furthermore, the selected probabilistic models offer a signifi-
cant advantage in terms of computational cost compared to some more
modern and complex alternatives. These different approximations to the
power curve of a real turbine are evaluated and compared with each
other to determine which curve model best fits the data provided by the
wind device.

The second objective of this work is to develop a probabilistic
assessment method that allows to statistically infer the early presence of
faults, based on the detection of deviations from the probabilistic models
obtained from the power curves of wind turbines. Among the possible
faults that can occur in a turbine; in order to validate the effectiveness of
the proposed method, the detection of a yaw misalignment is evaluated,
since even small deviations in yaw angle can generate significant power
losses. This probabilistic assessment method is used to identify which
curve model (GMM, Frank, GMCM, GPR, &-SVR) can best anticipate
faults in a real turbine.

Therefore, to address the issues related to the application of theo-
retical power curve models, we propose the following contributions.

- Real-world SCADA data: We use historical SCADA data from the
specific wind turbine being monitored. This data is filtered to select
operating periods considered "healthy" or optimal. Consequently, the
resulting probabilistic power curve model does not represent a
theoretical ideal but rather captures the reference-specific normal
behavior of that particular wind turbine, taking into account its
operational and site-specific characteristics.

Probabilistic modeling with uncertainty estimation for fault detec-
tion: assuming that power generation is not a deterministic function
of wind speed, in our paper we evaluate various probabilistic models
(GMM, Frank Copula, GPR, e-SVR, and GMCM). These models do not
predict a single power value, but rather a probability distribution of
power for a given wind speed. This allows for the quantification of
natural uncertainty and variability in turbine operation.
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- Anomaly detection as deviation from normal or expected values: An
incipient fault, such as yaw misalignment, is detected as a statisti-
cally significant deviation from this learned normal behavior. That
is, an alert is triggered when the turbine consistently operates
outside the confidence limits for a given period of time.

- The methodology is validated for wind turbine yaw misalignment
detection based on Fisher’s Test, as a use case, allowing failure
prediction.

The structure of the paper is as follows: after this introductory sec-
tion, Section 2 reviews the actual state-of art and related works, Section
3 details the proposed methodology for data-driven model identifica-
tion. Section 4 explains the use case of the wind turbine power curve.
Section 5 shows and discusses the results obtained, comparing them
with previous research results. Finally, Section 6 summarizes the con-
clusions drawn from the research and possible directions for future
research.

2. Related works

There are different approaches for wind turbine power curve model.
The paper by [17] reviews data-driven models, model-based models,
and hybrid models, highlighting the combinations of machine learning
methods and statistical approaches in data-driven models. Another re-
view is presented in [18] where, once the vital importance of the power
curve as condition indicator of the wind turbine has been stated, the
paper presents a wide range of power curve-based applications,
including anomaly and fault detection, data preprocessing and correc-
tion schemes. A more recent review can be found in [19], focused on
research on the predictive and prescriptive maintenance of wind tur-
bines based on the implementation of data-oriented models with the use
of artificial intelligence tools. Also in 2024, [20] provide a framework
for systematically understanding data-driven power curve models by
utilizing explainable artificial intelligence techniques. They obtain more
informed models that are applied in the context of wind turbine per-
formance monitoring.

Most of the works address predictive maintenance based on the
power curve. To do so, it is important to model and identify the specific
relation of wind speed and power output of each turbine. For instance,
[21] uses three performance curves (power, pitch angle, and rotor
speed) from SCADA data to accurately describe normal wind turbine
behaviour for performance monitoring and identification of anomalous
signals. It introduces an unsupervised SVM-KNN model as an optimal
outlier detection approach. The paper [22] presents a comprehensive
approach to improving the accuracy of wind turbine power curve
modeling. It combines outlier elimination using a KNN-estimated wind
power curve and novel quantile regression models (e.g., decision tree
quantile regression). In [23] a data-driven deep learning method is
proposed to model wind turbine power curves. A novel multivariable
power curve prediction modelling is proposed in [24]. It integrates
stochastic gradient boosting regression tree with grey wolf optimization,
along with data preprocessing and feature selection methods. In [25]
compares nine machine learning methods for wind turbine power
forecasting, identifying GNN-based models as outperforming others in
power forecasting accuracy, while XGBoost provides optimal results
concerning computational resources, supporting data-driven predictive
maintenance strategies. Interestingly, the paper [26] makes a compari-
son of the performance of various metaheuristic optimization-based
parametric methods in wind turbine power curve modeling.

Unlike conventional deterministic models, probabilistic models of
the power curve allow for dealing with the uncertainly attained to the
wind turbine performance. Focusing on the use of probabilistic models
of the power curve of a wind turbine for anomaly or fault detection and
predictive maintenance we found some remarkable works. In [27]
proposes a novel probabilistic power curve model, expressed by the beta
distribution, which is capable of estimating the uncertainty of power
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output at a given wind speed. The research [28] contributes a new wind
turbine performance degradation monitoring scheme based on the
pairwise comparison of probabilistic power curves of different turbines
within a wind farm. The recent paper [29], presents a specific kind of
Generalized Linear Model (GLM) called beta regression that effectively
handles the unique statistical features of wind power while retaining a
manageable level of complexity. The paper [30] investigates the use of
physically meaningful probabilistic power curve models derived from
bounded Gaussian processes with a Beta likelihood for wind turbine
structural health monitoring. In [12], for an onshore turbine, a Gaussian
process regression is proposed to estimate the power curve and variables
such as pitch angle and rotor speed as a function of wind. Also [31],
contributes to wind turbine health monitoring by employing Gaussian
Process Regression (GPR) to evaluate loads and predict turbine perfor-
mance metrics, utilizing a hybrid database of simulation and SCADA
data for robust assessment.

Finally, some papers like the one by [32], deals with both, wind
uncertainty and wind turbine components condition to assess wind
power system reliability.

3. Methodology for wind turbine yaw misalignment failure
detection based on probabilistic models

The ultimate goal of this work is to generate alarms in the event of
possible failures in the operation of wind turbines, as far in advance as
possible. To this end, a methodology is proposed in which real data of
the wind device are pre-processed, probabilistic models of the power
curve are generated, and deviations from the model are detected, as
shown in Fig. 1.

The methodology is divided into two stages: the probabilistic
modelling of the actual power curve of the turbine, which is executed
offline, and the probabilistic evaluation of possible deviations from it,
which is executed online.

Probabilistic modelling. It includes:

1. Preprocessing. In this phase, the effect of the air density on wind speed
is corrected, and anomalous data are removed from the data set
(Section 3.1).

2. Power curve model: Using the power and wind data, the actual power

tional models considered in Section 3.2.
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Probabilistic assessment, which consists of:

1. Calculation of the deviation of the measured power from the estimated
power: For each time value of the case study, and using the proba-
bility distribution of the identified model, the deviation of the power
generated at the current instant by the turbine from the predicted
power is quantified. The specific details of this general procedure are
presented in Section 3.3.

2. Deviation monitoring: To improve the efficiency of anomaly detection,
the deviation calculated for a time instant is combined with the de-
viations calculated at previous times. In this way, the variation in the
deviation is monitored to reduce false positives. The specific details
are explained in Section 3.3.

3. Fault alarm: If the combined probability is below the significance
level, an anomaly is considered to exist in the wind turbine, which
triggers a fault alarm.

4. Value update: The probability value calculated in step 5 is stored as
the current value, and steps 3 to 5 are repeated for each new time
point.

3.1. Preprocessing

Power generation with turbines is cubically related to wind speed, as
seen in (1). Therefore, even a small variation in wind speed can have a
significant impact on the power generated. It is critical to have accurate
wind speed measurements that do not depend on momentary atmo-
spheric conditions.

P =0,5pAC, (%, B)V°, 1
where p is the air density (kg/mB), A is the area swept by the blades (mz),
Cp is the power coefficient -which in turn depends on the tip speed ratio 1
and pitch blade f (degrees), and v is the wind speed at the hub (m/s).

That is why first of all, and following the recommendations of the
International Commission [33], a correction due to variations in air
density is applied (2) [34]. This first preprocessing step is carried out at
every instant of time applying the following expression,

curve of the wind turbine is identified according to the computa- Ve = Vm ( I 525)3, )
Import SCADA (Current Wind,

dataset

Current Power)

Air density Power

correction

v

deviation (t1)

¢ Y Power

‘ Outliers rejection ‘

deviation (t2)

Dev.>threshold

Power
POWER deviation (tk) | ALARM | | NO ALARM l
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Save value
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Fig. 1. Methodology for probabilistic failure detection, where t1 denotes the current instant, and tk denotes the previous k-th instant.
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where v, is the corrected air velocity (m/s), v, is the measured air ve-
locity (m/s), and the air density can be estimated by (3)

288.15 B
f’*l-m( T )(m) &)

where T is the ambient temperature (Kelvin) and B is the atmospheric
pressure (mbar)

Besides, typically, data collected by sensors in SCADA systems have
outliers, so another preprocessing phase is often required to reject the
outliers before using them to create a model. These outliers can be
caused by a variety of reasons, but they do not indicate a fault in the
turbine subsystems. For more details on outliers and their causes in wind
turbines, a comprehensive and detailed study can be found in [22]. The
most notable cases are summarized below.

e Turbine operational transitions: Since data is captured every 10 min,
the turbine may have changed its operating state (on-off) during that
time interval. This results in points with unreliable values. These
outliers are often isolated and do not show a clear pattern (regions
marked B in Fig. 2).

Errors or noise in sensors or in the SCADA communication system
(regions marked B in Fig. 2).

Data loss: Occasionally, data may be lost due to failures in data
acquisition or transmission.

Negative powers below the start-up wind speed: When the wind
speed is insufficient for the turbine to generate power, negative
powers may sometimes be recorded. These outliers are located in
region marked A in Fig. 2.

The processing applied to eliminate outliers is divided into two parts.
First, data with O or negative generated power are eliminated, as well as
those with indeterminate or missing values (Fig. 2, region A). In a second
phase, the remaining outliers are eliminated (Fig. 2, region B). To
eliminate these outliers, following the specifications of the international
standard IEC 61,400-12-1:2017 [38], the power curve is divided into
0.5 m/s intervals. At each interval, the mean and standard deviation ¢
are calculated. A point that deviates more than +2.5¢ in its corre-
sponding interval is considered an anomaly.

These are the two methods that are commonly applied for wind
turbine data analysis and are widely recognized in the related literature
[35-37].

3.2. Probabilistic power curve modelling

In order to develop a probabilistic fault assessment method using the

5 10 15 20 25
Wind speed (m/s)

Fig. 2. Outliers in a 2050 KW Senvion MM82 wind turbine power curve.
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power curve, it is necessary to obtain a reliable and accurate model of
the wind turbine power curve. Among the different models that can be
considered from data-driven algorithms, we will focus on those that not
only provide a prediction of the generated power but also of the un-
certainty associated with this prediction.

The models used in this work can be divided into two categories:

- Probabilistic models, where we find the Gaussian mixture model
(GMM), the Frank copula model (FC) and the Gaussian mixture
copula model (GMCM). The models in this category provide the joint
distribution density function of the power curve [29].

- Regression models with uncertainty estimation. These include Gaussian
process regression (GPR) and epsilon-insensitive loss function sup-
port vector regression (e-SVR). These types of models give as output
the power prediction and its confidence interval together with the
distribution of this uncertainty [39].

3.2.1. Gaussian mixture model (GMM)

Finite mixture methods are used to describe the probability distri-
bution of a population consisting of several groups or clusters with
different underlying distributions. As the name implies, the total pop-
ulation is assumed to be a finite mixture of several independent com-
ponents or modes. In the case of continuous variables, we can assume
that all clusters are modeled as Gaussian distributions, each with
different parameters (mean and covariance). This technique is known as
Gaussian Mixture Model (GMM) [40].

For the bivariate case, let y(x;,x2;0) be the probability density
function sought and © be the set of parameters of these Gaussian dis-
tributions; in this case Eq. (4) is satisfied:

M
Wi, x2;0) = Y agp(x1,%,;0%), )
k=1

where ¥ is the mixing ratio of the M clusters (the sum of all o®) will be
equal to 1) and 0% the parameters (mean and covariance) of each

cluster, with r/)(xl,xz; 9“”) the probability density of each mode.

3.2.2. Model based on Frank’s copula

Statistical copulas are families of mathematical functions capable of
relating dependent variables with a complex correlation between them.
The utility they provide is that, on the one hand, they differentiate the
marginal distributions and, on the other hand, how they relate to each
other. According to Sklar’s theorem [41], which establishes the pillars of
copula theory, the probability density function sought for the bivariate
case can be decomposed according to the expression (5):

flxr,x2) = c(uy, u)fi (x1)fa(x2), (5)

Where f; denotes the marginal distribution function of the i th variable
(x1), u; denotes the cumulative distribution function of these variables,
and ¢ : R2>R is the copula function that relates these cumulative den-
sity functions.

In mathematical theory there are many families of parametric cop-
ulas such as Clayton, Frank, or Gumbel, among others [42]. The choice
of one or another will depend on the data and the correlation at its
extreme values; in other words, on the tail dependence they present. In
the case of the power curve of a wind turbine, it shows a strong corre-
lation in both extremes of the distribution (both, for high and low
values). Therefore, a good choice could be the Frank family of copulas.
These Frank copula functions are represented in Eq. (6):

Snpedm i)
[ — (1 —eom)(1 — e~

©

CFrank (u17 U, 5) =

where 7 = 1 — €%, and § is the copula parameter that best fits the data.
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The higher this value is, the stronger the dependence between the two
variables is.

3.2.3. Copula model of Gaussian mixtures (GMCM)

In the case of the Gaussian Mixture Model (GMM), it is assumed that
the distributions of each of the modes that make up the power curve are
normally distributed and, therefore, have an elliptical shape. However,
this assumption is not necessarily always met. In this case, when this
condition is not met, the Gaussian Mixture Copula Model (GMCM) is
used, which applies the copula theory to the GMM technique. Its main
advantage lies in its ability to characterize non-elliptical (non-Gaussian)
modes.

For the present case of a bivariate distribution, the copula function to
be sought is expressed by Eq. (7) [43]:

_ o(d(w). ¢, (12):6)

Coman (W, 023 0) = O T ) (85 () @

where ¢; is the marginal density function, ¢;! is the inverse marginal
distribution, and 0 represents the parameters (mean and covariance) of
all modes along with the mixing ratios of each mode.

3.2.4. Support vector regression with epsilon insensitive loss function
(e-SVR)

Among machine learning techniques, one of the most popular and
widely used is Support Vector Machines (SVM), whose theoretical
foundations were established in the 1990s. SVMs are based on the use of
different types of kernels, selecting one or the other according to the
characteristics of the problem under study. Its strength lies in producing
accurate predictions without incurring significant computational costs.
Although SVMs are widely used for classification tasks, we will focus on
their regression version using an epsilon error-insensitive symmetric loss
function based on [44].

where X represents the input space (in this case, X = R), and y, repre-
sents the output data. The goal is to find a hyperplane that satisfies (8):

y = af(x) +b, ®

To find the coefficients a and b that define the line of separation in the
hyperplane, Eq. (9) must be minimized:

1 n .
2l + 2 (-4, ©

where ||w|| represents the norm, C is a penalty constant, and &, ¢ are
“slack variables”. This corresponds to dealing with a loss function called
error-insensitive function, ||&,||, described by (10):

if ¢ < e

0
Ieel = { |€] — € otherwise’ 10

Specifically, the goal is to find the function that has a maximum
deviation ¢ from the training data y;, being as linear as possible. In other
words, the idea is to use as a loss function an ’insensitive zone’ with a
width of €, where errors are ignored as long as they are smaller than this
parameter €.

Several kernel functions can be used as a parameter to train the
model. In this case we will use the radial basis function kernel
(Gaussian), defined by Eq. (11):

2
K(x.35) = ekl an

Where y is the scale parameter.

Once the e-SVR model is trained and the power curve function, f(x),
has been obtained, a confidence interval, I, is determined around this
function within which we can infer the probability that the model output
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belongs to I. That is, given a specific point x and the model (in our case,
-SVR), we want to determine the probability P(y|x,f(x)). To accomplish
this, we will use a simple approximation that allows us to provide an
estimate of these confidence intervals [45].

Let ;=i —fj(xi) be the representation of the residuals when pre-
dicting the point (x;,y;) for each k-fold cross-validation. It is verified
that these residuals, {;, fit a Laplacian distribution with mean 0. This
distribution, which coincides with the desired probability P(y|x, f(x)),
follows (12):

1 &
P(z) = %e o, (12)
where o is the scale parameter. Assuming that ¢; are independent of each
other, the scale parameter, o, is calculated as follows (13):
52— i ldil

= 13)
n

3.2.5. Gaussian process regression model (GPR)

Gaussian Process Regression (GPR) models are nonparametric
probabilistic models based on kernels [46]. A Gaussian Process (GP) is a
collection of random variables such that any finite combination of them
also follows a Gaussian distribution. In other words, if f(x) is a GP, then
if we take n observations of the process xj, xa,... X, , the joint distri-
bution of the random variables f(x;), f(x2),... f(x,) will be Gaussian.

A GP is defined by its mean function m(x) and its covariance function
k(x, x'). Therefore, if f(x) is a GP, then E(f(x)) = m(x) and Cov[f(x),
£ = k(x,x).

Based on the GPs, the output of the GPR models can be expressed by
(14):

y(x) = h(x)"p +f(x), (14

Where f(x) is a GP with zero mean and covariance function k(x,x'), h(x)
is a set of basis functions that transform the input space, and g is a vector
of coefficients. As a probabilistic model, the model output y; at time i can
be modeled by (15):

P(yilf(x;),x;) ~ N(yi|h(x)" B+ f(x:), 0%, (15)

Different basis functions and kernel types can be used. It is the re-
sponsibility of the model designer to select the kernel that best fits the
process to be modeled. In our case, linear basis functions have been
used, together with the squared exponential kernel given by (16):

2P (16

k(x,x) = o%exp <

Where [ is the characteristic length scale and o is the signal standard
deviation.

3.3. Probabilistic failure detection

The different probabilistic techniques presented in the previous
section are going to be applied to model the power curve of the turbine
when it is operating optimally and without faults. Based on these
models, a probabilistic method has been developed to evaluate in real
time whether the turbine presents any anomaly or fault that causes a loss
of performance.

For these, the deviation of the measured power with respect to the
power predicted by the corresponding model is going to be quantified
for each value of the time series, considering the uncertainty associated
with the model. That is, it is desired to determine, in a probabilistic
manner, whether the power deviation detected is statistically signifi-
cant, and therefore the mismatch with respect to the probability distri-
bution of the model can be attributed to the presence of an anomaly.

The null hypothesis is defined as the statement that any observed
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deviation is due solely to chance or turbine failure. The p-value is
defined as the probability that the observed power is less than that
predicted power under the null hypothesis.

To calculate the p-value, probabilistic models directly provide the
joint distribution function. In the case of regression models with un-
certainty estimation, a power prediction curve is obtained along with its
confidence interval and the corresponding probability distribution. In
particular, the Gaussian regression (GPR) model generates a Gaussian
distribution, while the e-SVR model produces a Laplacian distribution.

The p-value corresponds to the probability that the wind turbine
output power, Py, given the wind speed v, is less than the measured
power, Py, what can be formalized by (17):

Dvalue (Ptexh, Vcrest) = PrOb(Pout< Ptextlvcmst)a (17)

This p-value can be obtained by the joint bivariate distribution function
of the power curve obtained from the model, Z(Poy, V) (18).

3 Z(Poue, Vetest)dPout

Dvalue = Ooo 3
f Z(Pouts Vetest)APout

0

18

As an example, Fig. 3 shows the joint bivariate distribution function
of the power curve obtained with the GPR model for a wind speed of 4
m/s, where a power of 63 kW is obtained (black line). The p-value is
represented in grey, which corresponds to the area under the curve
between the observed power and the power equal to 0.

Considering a single p-value is not sufficient to establish strong ev-
idence, without risk of having false positives or false negatives. How-
ever, if we calculate p-values for k previous consecutive instants and
combine these p-values in a joint inference test, a more robust detection
is obtained.

There are several ways to combine these probability values. In this
work, the Fisher’s combined probability test is proposed [47]. This test
is based on the principle that several results that, individually, do not
show statistical significance, can generate such significance when
considered together. In other words, even if an observed power value of
the wind turbine does not deviate significantly from the expected value,
when combined with the values from the immediately preceding time
instants, it is possible to identify an anomaly. The main advantage of the
Fisher test, and the reason why it is used in this context, is its validity for
small statistical samples.

The Fisher’s test defines the T statistic calculated by (19)

k
T=-2 Z ln(Pvaluei) ~ %Z(ZkL a9

i=1

This T-statistics approximates a chi-square distribution with 2k degrees
of freedom [48], where k is the number of consecutive p-values

T T T T
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Fig. 3. Example of p-value obtained from the power curve probabilistic model.
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considered, and P,q.; is the p-value of time i calculated according to
(18).

The first part of the test is the calculation of the T-statistic value with
(19). T is used as input of the cumulative chi-square distribution. Sub-
sequently the inverse probability (1- 32 in Fig. 4) is compared with the
significance level a.

Then, in order to trigger the alarm if an anomaly is detected, a
threshold is set. This threshold is equivalent to the significance level a
used in the context of hypothesis testing. In our case, an a value or
threshold of 0.05 was selected for two reasons. First, because this value
is commonly adopted in most research fields and is often considered a
standard for statistical significance. Second, because it also represents a
good balance, minimizing false positives without excessively increasing
false negatives.

For triggering alarms, the calculated p-value is compared with the
threshold to determine whether an alarm is statistically significant. If the
p-value is less than « (i.e., inverse probability below the dotted line in
Fig. 4), it can be inferred that it is a statistically significant result, which
would indicate a failure in the turbine: the alarm is considered true;
otherwise, it is attributed to chance.

The probabilistic failure detection process here described can be
formalized by Algorithm 1.

As for the number of time values considered, k, if we select a high
value, the detection becomes more robust, minimizing the presence of
false positives due to noisy signals. However, a high value of k also in-
creases the detection time window. It is necessary to find a balance
between a shorter detection time (with a low k) and the reduction of
false positives (with a high k). In our case, a value of k = 2, corre-
sponding to 20 min, has proven to be a satisfactory trade-off.

This value of k is also motivated for other reasons. Our goal is not to
detect instantaneous operational deviations in the yaw angle, which are
a normal part of operation due to the yaw system’s slow response to
sudden wind changes. The typical adjustment frequency of the yaw
control system is on the order of a few minutes [49,50], and a response
speed ranging from 0.5°/s to 2.0°/s [51]. The method here proposed
focuses on detecting true systematic yaw misalignment: a persistent
failure (causing continuous and sustained production loss).

That is why to isolate this systematic failure from noisy normal
operation, our methodology employs two key filters:

e We deliberately use SCADA data averaged over 10-minute intervals.
This average acts as a low-pass filter, smoothing out rapid fluctua-
tions and momentary deviations that do not indicate an underlying
failure.

e Our detection algorithm incorporates a time window parameter (in
our case, k = 2). A failure alert is only triggered if the turbine

— k=1 ]
—k=2
0.8 k=3 .
k=4
k=5 1
- - -a=0.05
06
~
h
0.4
0.2
0
0 1 2 3 4 5 6 A 8 9 10

Fig. 4. Example of use of T-statistics with a chi-square distribution with 2k
degrees of freedom, and significance level a=0.05.
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Algorithm 1
Probabilistic failure detection.

k<2, a«<0.05 //Configuration parameters
Fori=1tok—1do
FIFO.push(0)
End for
While {true } {
[Prest, Verest) < getDatal()

e g““ Z(Pout; Vetest)APout
Prale f 000 Z(Pout, Vetest)dPout
FIFO.push(pyaiye)

T<O0,

For p in FIFO
T<T —2In (p)

End for
if1-f,2(T) < a
Activate_Alarm()
Else

Reset_Alarm()
End if

FIFO.pop
FIFO.push(1 — f,2(T))
} endWhile

operates below its expected performance consecutively for k 10-min-
ute intervals.

These two key factors create a minimum detection window of 20
min. As mentioned above, this window is significantly longer than the
typical time for yaw control system actions. Therefore, this methodo-
logical design ensures that only persistent deviations from efficient
turbine behavior, which are indicative of a systematic failure, are
triggered.

4. Use case: Yaw misalignment in a wind turbine

To validate the proposed methodology, the detection of yaw error in
a wind turbine has been chosen as a use case. For optimum power
output, a wind turbine’s blades should remain perpendicular to the wind
as often as possible. Every turbine is outfitted with technology to mea-
sure the wind direction, usually a sonic anemometer which measures
wind direction and speed and adjusts accordingly. Any measured dif-
ference between the wind direction and the nacelle position of the tur-
bine is known as the yaw error. That is, yaw misalignment means that
the wind turbine is not fully facing the wind [52]. Analysis and

Reliability Engineering and System Safety 266 (2026) 111716

experimentation have shown that the loss of power typically varies with
the square of the cosine of the yaw misalignment. As such, it is essential
to monitor yaw misalignment continuously and to prevent it. The
objective is to identify genuine systematic failures (resulting in ongoing
and persistent output loss) rather than instantaneous deviations in the
yaw angle.

To obtain the models with the techniques presented, it is necessary to
have a sufficient data set, representative of all sections of the power
curve, which reflects its normal behavior. On the other hand, to test the
methodology presented, it is necessary to have data that reflects some
type of error in order to detect it.

To the best of our knowledge, there is no public dataset with these
desired characteristics. Therefore, we have created a new dataset by
merging two existing open datasets. The dataset of the onshore wind
farm located in the city of Penmanshiel, United Kingdom [53] has been
used, which contains sufficient data to obtain the power curve model of
a turbine. And the dataset included in [12], which contains a real case of
yaw misalignment error, which has also been used to validate the failure
prediction methodology.

To estimate the power curve model, first open access data from an
onshore wind farm located in the town of Penmanshiel, United Kingdom
have been used [53]. Of all the turbines in this park, turbine WTO01 has
been selected for the study. This choice is motivated because it is the
most isolated turbine with respect to the others in the farm, in order to
try to reduce the turbulence effects generated by the wakes of adjacent
turbines [54]. Fig. 5 shows the location of the wind farm with its latitude
and longitude, geographical north and distances between wind turbines.

The WTO1 turbine is a Senvion MM82 pitch regulated wind turbine;
its technical specifications are presented in Table 1.

The WTO1 turbine is equipped with an integrated SCADA system that
records data for more than 100 different variables, such as output
power, wind speed and direction, temperature, nacelle position, rotor
speed, blade angle, ..., among others. These variables are sampled every
10 min, and statistical values of mean, maximum value, minimum value
and standard deviation are collected for each variable.

Only some of the available variables are used in this work, specif-
ically the following:

e Time stamp (Year-Month-Day HH:mm:ss).

e Wind speed (m/s): Average wind speed every 10 min, measured by
an anemometer at the height of the nacelle, corrected for air density.

e Power generated (kW): Average electrical power generated by the
turbine every 10-minutes.
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Fig. 5. Geographical layout of the wind farm.
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Table 1
Technical characteristics of the wind turbine.
Parameter Senvion MM82
Rated power (kw) 2050
Rotor diameter (m) 82
Hub height (m) 59
Rated wind speed (m/s) 14.5
Cut-out wind speed (m/s) 25
Cut-in wind speed (m/s) 2.5
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Fig. 6. Wind turbine output power data without outliers.

The dataset already includes corrections for air density of wind speed
(2-3). For simplicity, we will refer to this variable simply as "wind
speed’ from now on.

The data from the WTO1 turbine from January to February 2017
have been used. A total of 8352 points are available. Fig. 2 shows in blue
the power curve resulting from representing these raw data.

Fig. 6 shows the clean data that constitutes the set on which the
models will be identified with the considered techniques. A total of 7479
points are available, after removing all outliers. Fig. 7 shows the power
(left) and wind speed (right) histograms. It can be seen how most of the
wind points belong to the range (4-10 m/s), and how the probability of
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winds above 8 m/s decreases with wind speed. In the case of power,
most of the values are slightly above 2 MW.

As stated above, this paper proposes the detection of yaw misalign-
ment as a case study. To do so, it is necessary to have the following
variables, both during the failure and in the moments before and after, in
order to also consider possible false positives.

e Time stamp (Year-Month-Day HH:mm:ss)

e Wind speed (m/s)

e Power generated (kW).

e Yaw error (°). Difference between nacelle position measured with
respect to geographical north (°) and wind direction (°).

Since the dataset [53] used to obtain the power curves did not
contain data on failures of the nacelle yaw control system, information
from the dataset [12] with a real case of yaw error was used to validate
the failure prediction methodology, as said before.

The dataset in [12] contains the yaw error and the corresponding
wind speed when the nacelle control system failed and caused the
misalignment with respect to the wind direction. In Fig. 8 the yaw error
is shown in red, while the wind speed is represented in blue. The turbine
failure occurs between minutes 360 and 1230.

The wind turbine with real data of the yaw error and the data of the
turbine used to obtain the power curve models do not have the same
nominal power. To solve this problem, the power generated by the
Senvion MM82 wind turbine has been simulated as a function of the
wind turbine’s own power curve and the yaw error (20).

P((pwvc) = PO(VC)(COS (¢e))77 (20)

where P(g,) is the wind turbine power as a function of the misalignment
angle ¢,; Po(v) is the power when the wind is v, and there is no
misalignment, i.e. ¢, = 0, and y is a parameter varying between 1.8 and
5.14, extracted from [54]. In our case, considering the location of the
turbine within the farm and the distance between it and adjacent tur-
bines (Fig. 5), we assume y = 2, following [54]. In [54] an approximate
value of 2 is suggested for our scenario: an onshore wind turbine that
considers the effects of turbulence with an inter-turbine spacing (dis-
tance normalized by the wind turbine diameter) of 3 or more.

From the expression P(¢,,V.) in (20) it is possible to extract all the
variables needed in the dataset: power generated, wind speed, and yaw
error. The power generated is P in P(¢g,, V), wind speed is v., and ¢,
denotes the yaw error.
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Fig. 9. Simulated power without yaw error.

To obtain the power curve under non-misalignment conditions, Py
= P(¢p, = 0) in (20), a different method is used than those used in the
modelling section. Following the international standard IEC
61,400-12-1 [33], the data are grouped into 0.5 m/s intervals and the
average is calculated in each of these intervals. From these averages, a
spline interpolation function is generated, which is represented by the
red line in Fig. 9, while the blue points correspond to the values of the
dataset [53].

5. Discussions of the results

For the wind turbine whose characteristics are described in Table 1,
different probabilistic models are obtained by applying the techniques
presented above. These models are first validated with the turbine data
and evaluated and compared with each other. Five models have been
obtained: GMM, Frank copula, GMCM, GPR, and e-SVR.

For the GPR and SVR models, the hyperparameter was tuned using
Bayesian optimization. This optimization process uses the acquisition
function, the Lower Confidence Bound, to identify the optimal values
obtained.

5.1. Comparison of the models of the wind turbine power curve

In the GMM model, the number of clusters or modes that make up the
power curve is k = 3, equivalent to the number of operating regimes of
the turbine according to the wind speed. Fig. 10 shows the joint prob-
ability density obtained with the GMM model and, with blue dots, the
real data set.
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Fig. 10. Power curve with the Gaussian mixture model (GMM).

In this Fig. 10, three clusters can be clearly observed: one centered
around 5 m/s, for low wind speeds; another centered about 10 m/s in the
MPPT (maximum power point tracking) region, and finally, a cluster
centered around 16 m/s in the wind turbine nominal power region [55].
The center of this last cluster is close to the turbine rated speed, which is
14.5 m/s.

For the case of modelling with the Frank copula method, Fig. 11
shows the results for the joint probability density, and the real data set
represented by blue dots.

It can be observed in Fig. 11 that the model based on Frank’s copula
fits the data much better than the GMM. Unlike the previous one, there
are no separate clusters but a single cluster. In the cluster there are two
areas with higher probability: one for low speeds, around 5 m/s (coin-
ciding with the maximums of the probability distribution in Fig. 7,
right), and another around the power of 2 MW (coinciding with the
maximums of the probability distribution in Fig. 7, left).

The copula parameter, denoted as § in Eq. (6), indicates the intensity
of the dependence between variables, the higher this value, the greater
the dependence. In this case, a value of §=73.56 was obtained, which is
equivalent to the Spearman correlation coefficient, p=0.997. Therefore,
by choosing this family of copulas we observe a high correlation be-
tween the variables.

For the GMCM model, as in the GMM case, the number of clusters is k
= 3. Fig. 12 shows the GMCM results for the joint probability density
and, with blue dots, the real data set.

As a summary of the results obtained with these three probabilistic
models, it is evident that the GMM fails to accurately fit the shape of the
power curve; furthermore, it does not present a smooth transition be-
tween the different modes that compose it. This suggests that the power
curve is not formed by elliptical (Gaussian) modes. In contrast, the Frank
copula model shows a marked improvement in the ability to capture the
shape of the power curve with greater fidelity. However, this model still
presents certain deficiencies in accuracy, especially noticeable in the
final section of the power curve (nominal power). The Gaussian copula
mixture model (GMCM) overcomes these inaccuracies, fitting the curve
to the real data with greater fidelity and precision.

Now, for the two regression techniques, Fig. 13 shows the power
curve model obtained with GPR, representing the resulting regression
curve with a red line; the black lines correspond to the 95 % confidence
interval and, superimposed on it, the real data set is shown with blue
dots.

This model has been obtained with the squared exponential kernel
and the values of the parameter defined in (16) are [ = 2.95, 6=307.68.
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Fig. 11. Power curve with Frank’s copula model.

It can be observed how the confidence interval is narrower in the central
area of the curve and wider at the ends.

Fig. 14 shows the power curve model of the turbine obtained with
the e-SVR technique, represented with a red line; the black lines corre-
spond to the 95 % confidence interval and, overlapped, the real data set
is shown with blue dots. The results obtained for the scale parameter of
(13) are 6=29.62.

As can be seen in the two figures above, with both the GPR and e-SVR
models the regression curve fits the dataset accurately over the entire
range of the turbine power curve. Fig. 15 presents a histogram with the
residuals of the regression fit in both models, where the red line corre-
sponds to the GPR model and the yellow line to the e-SVR model. As said
before, the residuals of the GPR model follow a Gaussian distribution,
while the residuals of the e-SVR model fit better to a Laplacian
distribution.

Furthermore, it can be observed that the e-SVR model produces a
better fit to the residuals compared to the GPR model. This indicates that
the e-SVR provides a more accurate fit to the uncertainty associated with
the regression curve, resulting in more reliable confidence intervals.
However, as shown in Figs. 13 and 14, both models tend to overestimate
the confidence intervals as we approach and enter the nominal power
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Fig. 12. Power curve with GMCM model.
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Fig. 13. Wind power curve obtained with the GPR model.

region of the curve. This tendency of GPR and &-SVR models to over-
estimate confidence limits is one the main and known limitation of these
methods. This overestimation is due to the fact that both models assume
a constant dispersion of the data throughout the range of the variable, an
assumption that is not met in the real data set used.

To quantify the goodness of fit and assess which is the best model for
our purpose, different metrics were calculated. Table 2 summarizes the
values obtained for the root mean square error (RMSE), the symmetric
mean absolute percentage error (SMAPE), the mean square error (MSE)
and the mean absolute error (MAE).

The computational cost required to obtain the models has also been
obtained, both in terms of memory and processing time, which are
summarized in Table 3. The best results in both tables are marked in
bold.

A priori, one might think that the best model, taking into account all
the aspects and metrics evaluated, and assuming a compromise between
accuracy, associated confidence interval and computational cost, is the
GMCM. Quantitatively, according to Table 2 showing the accuracy, the
best models are GPR and e-SVR. However, the difference in value with
the GMCM model is practically negligible. But it is important to note
that, as noted above, the regression models, GPR and e-SVR, present
deficiencies in the estimation of the uncertainty associated with the
prediction. The ability to adequately capture this uncertainty is crucial
for a good maintenance strategy, and the GMCM model has proven to be
able to meet this requirement more effectively. In addition, the GMCM
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Fig. 14. Wind power curve obtained with the e-SVR model.
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Table 2
Results of the evaluation metrics with the five models.
RMSE (kW) S-MAPE ( %) MSE (kW?) MAE (kW)

GMM 51.16 8.57 2618 33.08
Frank 41.86 8.55 1752 31.06
GMCM 41.44 8.10 1717 30.08
e-SVR 41.44 7.96 1716 29.62
GPR 41.43 8.28 1716 29.79

model is computationally more efficient than the other models evalu-
ated, making it the most viable option for applications that require
efficient use of resources.

5.2. Probabilistic fault detection

The results of the previously proposed probabilistic evaluation
method for detecting a yaw control failure between the minutes 360 and
1230 are presented below (Fig. 8). Fig. 16 shows the results obtained:
the blue line is the absolute value of the yaw misalignment, the red
dashed line indicates the minutes at which the turbine failure occurs,
and the yellow line represents the alarm activation using the GMCM
model. This model has been used since it has given the best overall
results.

It is observed that the first alarm is triggered 20 min after the failure,
which implies an early detection of the anomaly. After both this first and
a second alarm occur, the alarm is reset because the wind speed has
changed and thus the misalignment of the orientation is reduced. This is
expected since the proposed method only detects the suboptimal
behaviour of the turbine.

Subsequently, the third alarm remains activated while the failure
persists, without registering any false negatives in this time range. It is
also important to note that no false positives occur at any time, neither
during the failure nor before or after it.

Fig. 17 presents the results obtained using the same probabilistic
evaluation method, but applying the other power curve models
considered. As can be seen, these models present a lower performance
compared to the GMCM, detecting the turbine failure later. In particular,
the GMM model even presents false positives.

Table 4 summarizes the results obtained from the minutes elapsed
since the failure occurred until its first detection (first column), the
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Fig. 17. Detection of yaw misalignment with the five model.

presence or absence of false positives (second column) and the number
of alarms activated (third column) for the five models considered.

Table 4, which shows that for a fault resulting in a loss of turbine
performance, such as when yaw misalignment occurs over a period of
time, probabilistic assessment developed using power curve models
from the wind turbine’s own real data provides an effective and reliable
approach for early fault detection. Particularly, it confirms the effec-
tiveness of the probabilistic detection method with the GMCM model of
the turbine power curve in terms of fault response time, detection ac-
curacy, and alarm reliability.

Indeed, Table 4 offers a directly comparable analysis among those
probabilistic models as the dataset, the wind turbine, and the anomalous
conditions, are the same. In this context, we can conclude with some
confidence that detection is, in fact, 10 times faster when using our
probabilistic detection method with the GMCM than with the same data
and evaluation criteria using the other models studied.

The results obtained here have been compared in Table 5 with other
results found in the literature, which use real cases of yaw misalignment.
These data should be interpreted with due caution as the datasets used in
those papers are not available to apply our methodology to them and
make a fairer comparison. Table 5 shows a summary of the studies
considered and the number of minutes elapsed from the occurrence of
the fault until its first detection.

From these studies, in the one by [56], a probabilistic evaluation of a
GPR model with the inclusion of rotor speed is used, and the first alarm

Table 3
Computational costs of the different models.
GMM Frank GMCM GPR e-SVR
Time (s) 1 1 5 1465 425
Memory(bytes) 300 59,832 168 690,176 479,232
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Table 4
Results of fault detection and alarm generation.
First alarm (minutes) False positives N° alarms

GMCM 20 No 54

GMM 250 Yes 51

Frank 250 No 48

GPR 250 No 51

e-SVR 250 No 52
Table 5

Comparative with other studies on yaw misalignment detection.

Work Model used First alarm detected (minutes)
[56] GP model with rotor speed 280

[12] IEC binning model 470

[571 Copulas model 600

This work GMCM 20

is triggered at 280 min. In reference [12], the IEC clustering method is
used, and the first alarm is triggered at 470 min. In the work of [57], an
empirical copulas method is used, and the first alarm is triggered at 600
min. From our results, using the proposed model and method, it can be
concluded that the efficiency is improved compared to these methods
described in the literature. The methodology presented here allows to
detect yaw misalignment at earlier stages of failure, even when this
failure is not so clear.

6. Conclusions and future works

The power curve is the best indicator of the state and performance of
a wind turbine, and therefore identifying accurate power curve models
is necessary for designing control strategies and for operation and
maintenance tasks. Data-driven models can be obtained using data
measured by sensors in SCADA acquisition systems, which provide a
real-time monitoring for wind turbine conditions. In addition, having an
estimate of the uncertainty associated with the model is a significant
advantage for reliable and accurate power curve modelling and
prediction.

In this work, five probabilistic models have been applied to identify
the power curve of a real turbine, namely GMM, Frank copula, GMCM,
GPR, and &-SVR. Of these, the GMCM has proven to be the best model in
this case. Its main advantage lies in its ability to faithfully fit the shape of
the power curve over its entire range, while providing an accurate es-
timate of the associated uncertainty. All this is achieved while keeping
the computational cost low.

These models have been used to apply a methodology that allows
early detection of turbine failures. Specifically, it has been applied to a
real case of failure in the yaw control, and the proposed probabilistic
evaluation method together with the GMCM model of the power curve
have achieved the detection of the 20-minute yaw misalignment. This
result represents a significant improvement with respect to other
methods in the literature.

It is also important to highlight that, like the other models considered
in this work, the GMCM does not produce false positives on the data set
used. All this makes the proposed probabilistic evaluation method fast
and reliable for early fault detection, providing a credible tool for pre-
dictive maintenance and improving the operating costs and performance
of wind turbines.

We cannot ignore that one of the main limitations of regression
models such as GPR and e-SVR is their tendency to overestimate confi-
dence intervals in estimation and prediction-related uncertainties.
Possible options to address this limitation would be to explore cali-
brating GPR hyperparameters using more extensive cross-validation or
optimizing the kernel function to better account for data hetero-
skedasticity. For e-SVR, alternative loss functions could be investigated
that penalize interval overestimation differently.
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As future lines of research, the suitability of the proposed method
could be tested on other types of failures that also imply a reduction in
turbine performance, which can be identified from the power curve,
such as blade failures, failures in the pitch system, rigidities in the me-
chanical parts, etc. It could also be studied whether it is possible to
identify which of all the systems that make up a turbine is the one that
causes the failure. Other variables of the SCADA system could be also
included as input parameters to the model to further refine it, such as
rotor speed, wind direction or pitch blade. Finally, it would be desirable
a large-scale validation with multiple turbine models and wind farms to
confirm the method universality, considering this study as a proof-of-
concept validation.
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