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Abstract: Cointegration theory has been recently proposed for condition monitoring and fault
detection of wind turbines. However, the existing cointegration-based methods and results presented
in the literature are limited and not encouraging enough for the broader deployment of the technique.
To close this research gap, this paper presents a new investigation on cointegration for wind turbine
monitoring using a four-year SCADA data set acquired from a commercial wind turbine. A gearbox
fault is used as a testing case to validate the analysis. A cointegration-based wind turbine monitoring
model is established using five process parameters, including the wind speed, generator speed,
generator temperature, gearbox temperature, and generated power. Two different sets of SCADA data
were used to train the cointegration-based model and calculate the normalized cointegrating vectors.
The first training data set involves 12,000 samples recorded before the occurrence of the gearbox fault,
whereas the second one includes 6000 samples acquired after the fault occurrence. Cointegration
residuals—obtained from projecting the testing data (2000 samples including the gearbox fault event)
on the normalized cointegrating vectors—are used in control charts for operational state monitoring
and automated fault detection. The results demonstrate that regardless of which training data set
was used, the cointegration residuals can effectively monitor the wind turbine and reliably detect
the fault at the early stage. Interestingly, despite using different training data sets, the cointegration
analysis creates two residuals which are almost identical in their shapes and trends. In addition, the
gearbox fault can be detected by these two residuals at the same moment. These interesting findings
have never been reported in the literature.

Keywords: wind turbine; condition monitoring; fault detection; cointegration; SCADA data

1. Introduction

Due to the high demand of global energy consumption and the aggravation of envi-
ronmental problems, wind energy has kept a progressively important role among other
renewable energy sources and accordingly contributed an indispensable solution to solving
world energy problems. The total installed capacity of the wind power sector in the world
was reported to reach 837 GW by the end of 2021 [1]. In Poland, the total capacity of
onshore wind power installations was up to 6.35 GW by the end of 2020, and it is expected
to continue growing and reach between 8 GW to 10 GW by 2030 [2]. However, because
wind turbines are typically situated in remote locations, operate under severe environ-
ments, and have load conditions varying over time, their failure rate and downtime are
relatively high [3]. Hence, the sector faces many challenges related to high operations and
maintenance (O&M) costs and downtime losses. These circumstances bring huge economic
loss to the asset owners and also cause a negative influence on the sustainable development
of the wind energy industry [4]. Therefore, it is important to develop condition monitoring
solutions for wind turbines that can predict or detect incipient failures at the early stage [5].

Condition-based maintenance has been extensively deployed as an effective strategy to
reduce O&M costs and improve the availability and efficiency of wind farms [3]. Vibration
analysis and oil monitoring are two commonly used techniques which use large volumes
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of high-frequency data, including vibration signals and oil debris measurements collected
from main turbine components [6–8]. Nevertheless, both techniques are sophisticated
and expensive, since they require additional sensors and data acquisition systems being
installed on the operating wind turbines [4]. Alternatively, wind turbine monitoring using
data collected by the supervisory control and data acquisition (SCADA) systems has been
considered as a cost-effective approach, as these systems are widely pre-installed in the
majority of commercial wind turbines [4,5]. SCADA systems record the operation state in-
formation and environmental conditions from wind turbines on a regular basis. Compared
with the vibration analysis and oil monitoring methods, the SCADA-based monitoring
solutions offer users large amounts of data readily available for analysis without additional
cost. As a result, much research has made use of SCADA data to develop reliable and cost-
effective monitoring systems in recent years, as reported in [4,5,9–11]. However, because
each wind farm often consists of a great number of wind turbines which are required to
be monitored concomitantly, the operator has to deal with large volumes and diversity
of SCADA data. To cope with this difficulty, most recently developed solutions have
been based on the competences of artificial intelligence (AI) and machine learning (ML)
techniques such as learning, classification, and adaptation [12]. Many advanced AI/ML
methods, such as self-supervised health representation learning [13], anomaly decomposi-
tion based on multi-variable correlation extraction [14], and hierarchical hyper-parameter
searching algorithm [15], have been recently developed. However, AI-based and ML-based
algorithms are known to be sophisticated, require a lot of data to train algorithms, need exten-
sive training time, and incur heavy computational cost [12,16,17]. Hence, more simple and
computationally efficient solutions have been explored in recent years. Amongst these, the
statistical approaches have been effectively exploited for wind turbine health monitoring
and fault assessment, such as multivariate statistical hypothesis testing [9], nonparametric
regression analysis [18], and the cointegration-based approach [19–26]. Recently, change-
point detection methods [27,28], cumulative sum (CUSUM)-based methods [29,30], and the
Wilcoxon rank sum test based method [31] have been proposed for SCADA-based wind
turbine condition monitoring.

Cointegration, a technique originally developed in the field of econometrics [32,33],
has been adopted for structural health monitoring (SHM) as a potential data-driven method
to remove or compensate for common long-term trends instigated by effects of environ-
mental and operational variability (EOV) in the measured data. Some selected examples
of cointegration-based methods developed for SHM applications can be found in [34–41].
The main idea in applying cointegration for SHM is based on the analysis of nonstationary
time series. When nonstationary data collected from a structure or process are cointegrated,
it is possible to obtain one or several stationary cointegration residuals, which represent
the undamaged (or normal operating) condition. Then, during the monitoring or testing
process, if the residuals become nonstationary then one can infer that the current data are no
longer representing the normal condition [34–36]. In addition, cointegration can effectively
remove the common trends, induced by EOV effects, from the original data, leaving the
residuals independent of EOV that still maintain their sensitivity to damage. To understand
how common trends, induced by EOV effects, can be purged from the measured data by
cointegration procedure and how a fault or damage can be detected using cointegration
residuals, potential readers are referred to the work [42].

Recently, the cointegration technique has been proposed for the purpose of condition
monitoring and fault detection of wind turbines, as reported in [19–26]. A cointegration-
based method was developed in [19–21] to analyse a benchmark SCADA data set recorded
from a 2 MW wind turbine drivetrain during 30 days under environmental and operational
variations. A human-made gearbox fault was progressively created during the experimental
and data acquisition process. The results proved that the proposed method can effectively
analyse nonlinear data trends, continuously monitor the wind turbine and reliably detect
abnormal problems. In [22], a cointegration-based method was reported to effectively
monitor the abnormal state of generator and gearbox such that early warning of faults was
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possible. In [23,26], SCADA data acquired from a 1.5 MW wind turbine under varying
environmental and operational conditions were used to establish a cointegration model
for identifying a set of known gearbox fault data. The cointegration analysis was applied
for vibration-based damage detection of a wind turbine blade under the influence of
EOV [24]. The results demonstrated that cointegration could be used to detect the presence
of damages under conditions not allowing for direct discrimination between damage and
EOV. In [25], a Bayesian multivariate cointegration method was developed for vibration-
based damage detection of wind turbine blades. The results showed that the method could
effectively eliminate the influence of EOV and detect the progressive damage of the wind
turbine blade. A common point of these previous works is that the operating condition of a
given wind turbine can be monitored by means of observing the cointegration residuals,
obtained from the cointegration process of SCADA data, in control charts. However, the
existing cointegration-based methods and results presented in [19–26] are not sufficient and
encouraging enough for the broader deployment of the technique in practical applications.
This work aims to close this research gap through performing a new investigation on
cointegration for wind turbine monitoring using a four-year SCADA data set acquired from
a commercial wind turbine. A gearbox fault is used as a testing case to validate the analysis.
A cointegration-based computation procedure, consisting of three stages, was developed
for this purpose. In the first stage, a cointegration model of the monitored wind turbine is
established using a set of process parameters. This model has the role of a wind turbine
monitoring model. In the second stage, the Johansen’s cointegration procedure [33] is
deployed to train the cointegration-based monitoring model and calculate the normalized
cointegrating vectors. In the third stage, SCADA data—acquired from the monitored wind
turbine during the regular operating period for producing electricity—are projected on the
normalized cointegrating vectors found in the second stage to form cointegration residuals
used for on-line monitoring of the wind turbine. The monitoring scheme is based on the
residual-based control chart technique, which is one of the most popular tools used for
statistical process control.

Using this computation procedure, a cointegration-based wind turbine monitoring
model has been established using five operational parameters, i.e., the wind speed, gen-
erator speed, generator temperature, gearbox temperature, and generated power. Two
different sets of SCADA data, recorded before and after the occurrence of the gearbox
fault, were used to train the cointegration-based model and calculate the normalized coin-
tegrating vectors. The results demonstrate that regardless of which training data set was
used, the cointegration residuals monitored the wind turbine accurately and detected the
fault reliably at the early stage. Interestingly, despite using different training data sets,
the cointegration analysis created two residuals which are almost identical in their shapes
and trends. In addition, the gearbox fault was detected by these two residuals at the same
moment. These interesting findings have never been reported in the literature.

The remaining parts of this paper are planned as follows. Section 2 gives a brief
introduction of the cointegration theory. Section 3 presents a three-stage cointegration-
based computation procedure for on-line wind turbine monitoring and fault detection.
SCADA data used for validating the proposed cointegration-based monitoring method are
described in Section 4. Section 5 presents the validation results and discussions. Finally, the
paper is closed with conclusions and future work suggestions in Section 6.

2. A Brief Introduction of Cointegration Theory

In the previous studies [34,35], the basic theory of cointegration analysis and other
relevant topics, such as stationarity of time series, cointegration, and common stochastic
trends, were described and explained in detail. Hence, these concepts are not presented in
depth in this paper. Potential readers are referred to those materials for detailed descriptions
of the cointegration theory. Furthermore, to know and be familiar with how cointegration
was previously applied for condition monitoring and fault detection of wind turbines,
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the readers are referred to some previous works [19–21]. In the following, only a brief
introduction of nonstationarity and cointegration is presented and explained.

A nonstationary time series has its mean, variance, and covariance parameters gen-
erally change over time [43]. For example, a time series exhibiting a shift in its mean is a
nonstationary process because it is a variable with a heteroscedastic variance over time. It
is well known that a common way to transform a nonstationary time series into a stationary
time series is by means of differencing. The number of differences required to make a
given nonstationary time series become stationary is called the order of integration. A time
series of order d is denoted as I(d). Therefore, a nonstationary I(1) time series becomes a
stationary I(0) time series by first-order differencing. In the case of a nonstationary I(2)
time series, a second-order differencing would be required to make it stationary. Gener-
ally, cointegration is characterized by two or more nonstationary I(1) variables sharing
a common long-run development, i.e., they do not drift away from each other except for
transitory fluctuations. In other words, if a group of nonstationary time series variables
have the propensity to establish and maintain a long-run equilibrium relationship, the
cointegration analysis can be used to find this relationship.

Let Yt = (y1t, y2t, . . . , ynt)
T denote an (n × 1) vector of I(1) time series. This n-dimension

vector is said to be linearly cointegrated if there exists a vector β = (β1, β2, . . . , βn)
T such that

βTYt = β1y1t + β2y2t + · · ·+ βnynt ∼ I(0) (1)

Equation (1) infers that the nonstationary time series in Yt are cointegrated if there is
(at least) a linear combination of those series that is stationary or has the I(0) status. This
linear combination, denoted as ut = βTYt + c, where c is a constant value, is referred to as
a cointegration residual that represents a long-run equilibrium relationship between the
cointegrated time series [43]. The vector β is referred to as a cointegrating vector. However,
the cointegrating vector β is not unique, since for any scalar k, we have

k · βTYt = (β∗)TYt ∼ I(0) (2)

A normalization assumption can be used to uniquely identify β. A typical normaliza-
tion is [43]

β = (1,−β2, . . . ,−βn)
T (3)

Using this normalization, the cointegrating relationship in Equation (1) can be rewritten as

βTYt = y1t − β2y2t − · · · − βnynt ∼ I(0) (4)

or
y1t = β2y2t + β3y3t + · · ·+ βnynt + βTYt (5)

The cointegration residual (ut = βTYt + c) is formed by projecting n vectors of a
time series in Yt on the normalized cointegrating vector β. This projection is equivalent
to multiplying Yt by βT . The single cointegration relationship in Equation (1) can be
extended to multiple cointegrations. In this case, Yt is said to be cointegrated with r
linearly independent cointegrating vectors (where 0 < r < n) if there is an (n × r) matrix B
such that

BTYt =

βT
1 Yt
...

βT
r Yt

 =

u1t
...

urt

 ∼ I(0) (6)

The stationary linear combinations urt = BTYt + cr, where cr is a constant vector, are
known as the r cointegration residuals, which are formed by projecting n vectors of time
series in Yt on the cointegrating matrix B, or equivalently, by multiplying Yt by BT . When
using the cointegration method, one of the most important points is to estimate (or calculate)
suitable normalized cointegrating vectors so as to create stationary cointegration residuals



Energies 2023, 16, 2352 5 of 17

together with common trends removed. The Johansen’s cointegration method [33]—a
sequential procedure based on the maximum likelihood estimation (MLE)—has been
generally used for this purpose. The theory behind this method is sophisticated and
thus not presented here. For more theoretical details of the Johansen’s cointegration
method, potential readers are referred to the original work [33]; a simpler description
version can be found in [35]. The Johansen’s cointegration procedure has been employed
in this work, through applying the Econometrics Toolbox [44], to estimate the normalized
cointegrating vectors.

3. On Cointegration for Condition Monitoring and Fault Detection of Wind Turbines

In the present work, the cointegration technique has been exploited for on-line con-
dition monitoring and fault detection of wind turbines using SCADA data. The entire
cointegration-based computation procedure, consisting of three stages, is shown in Figure 1.
In the following, these stages are described and discussed.
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3.1. Establishing a Cointegration-Based Wind Turbine Monitoring Model

The purpose of the first stage is to establish a cointegration model for a given wind
turbine. Specifically, a number of key process parameters of the wind turbine are required
to be selected to form the model. A cointegration model is described by Equation (4), where
variables y1t, y2t, . . . , ynt represent the wind turbine parameters. In general, important op-
erational parameters, such as the wind speed, generator speed, generated power, generator
temperature, generator voltage, generator current, gearbox temperature, gearbox oil sump
temperature, rotor bearing temperature, and rotor speed, can be chosen for this purpose.
In this study, a cointegration model of the monitored wind turbine, formed with a set of
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process parameters, has the role of a wind turbine monitoring model. It is noted that at least
two parameters must be selected such that a cointegration-based wind turbine monitoring
model can be established.

The cointegration-based wind turbine monitoring model does not require all impor-
tant operational parameters, as named above, to be included in the model. However,
it is suggested that the wind speed and generated power should be employed in the
cointegration-based monitoring model. The reason is because the relationship between
wind speed and turbine power output represents the wind turbine power curve, which is
one of the most important characteristics commonly used for wind turbine selection, capac-
ity factor estimation, wind energy assessment and forecasting, and turbine performance
and health monitoring [45]. In addition, temperature parameters of the generator and
gearbox should be included in the model because a fault or an abnormal event, associated
with the generator or gearbox component, is substantially a progressive phenomenon, that
is, the initial sign of a gearbox or generator fault could appear several days or weeks before
the fault event occurred in reality and it might be manifested by the increase in the gearbox
bearing and/or generator temperature [28,31].

3.2. Training the Cointegration-Based Model and Calculating Normalized Cointegrating Vectors

In the second stage, the Johansen’s cointegration procedure [33] is deployed to train
the cointegration-based monitoring model and calculate the normalized cointegrating
vectors. The computation uses only SCADA data of several process parameters acquired
from the monitored wind turbine under normal operating condition or a “healthy” state.
In a simple description, the estimation of cointegrating vectors is executed in three steps.
First is evaluating eigenvalues from the characteristic equation of a cointegration model.
Next is sorting the eigenvalues from the largest to the smallest one. Then, the normalized
cointegrating vectors are calculated from the sorted eigenvalues. Hence, the first and
the last cointegrating vector are corresponding to the largest and the smallest eigenvalue,
respectively. As reported in the previous works [19,34,35,41], the first cointegrating vector
is said to create the most stationary cointegration residual. In other words, when projecting
SCADA series stored in different process parameters on the first cointegrating vector, we obtain
the first cointegration residual which is the most stationary combination of the cointegrated
data. This cointegration residual has been considered as the best (or the most suitable)
indicator used for fault and/or damage detection, as discussed in [19,34–36,40,41]. In this
study, we also consider the first cointegration residual as the best feature and therefore use
only this residual to monitor the health state of the wind turbine.

It is supposed that the training data set—selected for calculating the normalized
cointegrating vectors—has a significant influence on the wind turbine health monitoring
and fault detection results. As mentioned above, only the SCADA data recorded from a
wind turbine operating in healthy condition should be used for this purpose. However,
this requirement faces some challenges. First, model training and cointegrating vector
calculation require sufficient amounts of normal operation data collected over a long period
covering a representative range of wind turbine operating conditions. Certainly, when
these data are scarce or when they are not representative for the turbine’s current normal
operation state, fault detection may not feasible because the cointegration-based monitoring
model cannot be trained properly. This is the case for newly installed wind turbines at the
initial stage of their operation life when the amount of normal operation data accumulated is
small, which cannot provide sufficient information for training cointegration-based models.
Moreover, due to many unavoidable reasons, such as wind turbine ageing, subsystem
replacements, software updates, or sensor recalibration, the normal operation data collected
months or years before might be outdated and so they are no longer representative of the
turbine’s current normal operation behaviour.

An alternative solution has been suggested by this work to deal with these challenges,
that is, one may consider using several training data sets, which represent different normal
operating modes of the wind turbine, to obtain different sets of normalized cointegrating
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vectors. Given that, more than one set of cointegration residuals can be employed to
monitor the turbine and detect abnormal problems. This idea has been validated in this
paper and the obtained results are presented in Section 5.

3.3. On-Line Condition Monitoring and Fault Detection of Wind Turbines

In the third stage, SCADA data—acquired from the monitored wind turbine during
the regular operating period for producing electricity—are projected on the normalized
cointegrating vectors found in the second stage to produce cointegration residuals used
for monitoring the wind turbine. As explained in Section 2, this projection is simply
equivalent to the multiplication of data vectors. Since SCADA data stored in each process
parameter can be considered as a vector of time series, a cointegration residual (given by
ut = βTYt + c) can be formed by multiplying vectors of SCADA series stored in different
process parameters by one cointegrating vector. This implies that a cointegration residual
also has the form of a sequence of time series. To obtain multiple cointegration residuals
(denoted by urt = BTYt + cr), one can multiply vectors of SCADA series stored in different
process parameters by r cointegrating vectors. This computation can be executed in
a real-time manner on a computer-based monitoring system, which provides a simple
on-line condition monitoring solution for wind turbines. As discussed in Section 3.2,
only the first cointegration residual is used in this study to monitor the health condition
of wind turbines. The creation of this residual is achieved by multiplying vectors of
SCADA series, corresponding to the selected process parameters, by the first normalized
cointegrating vector.

The possibility of using a cointegration-based monitoring model, in particular, the first
cointegration residual, for on-line condition monitoring of wind turbines is explained here.
When a new set of monitoring samples collected by the SCADA system are made available
for analysis, these data are instantly projected on the first normalized cointegrating vector
to create a new value of the first cointegration residual. This value is then compared with
the critical limits, calculated as statistical confidence levels, of the control chart to determine
whether the wind turbine is still operating under its normal condition. To present the
monitoring process in an illustrative manner, the first cointegration residual is plotted
against the critical region; if the residual crosses the upper or lower critical line, then it
means that a fault would occur in the turbine.

4. Wind Turbine SCADA Data

The long-term monitoring campaign of the La Houte Bourne onshore wind farm in
Villeneuve-d’Ascq, France, over eight years (from 1 January 2013 to 31 December 2020)
has provided for public a plentiful open-access SCADA data source [46]. The wind farm
has four wind turbines of the MM82 model, manufactured by Senvion. The technical
details of the wind turbines are given in Table 1. There were 34 process parameters
measured at an interval of 10 min for each wind turbine and in total 1,057,868 samples were
recorded. The data acquired for the wind turbine (labelled as R80721) over four years (from
1 January 2013 to 31 December 2016) were selected for the analysis in this study. There
were 210,095 data samples recorded for each parameter. Before analysing the data using
the cointegration-based method, data pre-processing and outlier cleaning procedures were
performed to remove all samples associated with unphysical, corrupted, or missing values.
As a result, we attained 142,613 data samples for each parameter. This four-year data
collection of the wind turbine R80721 was recently used to validate a new wind turbine
health monitoring method which is based on the Wilcoxon rank sum test [31]. SCADA data
of this wind turbine, including the wind speed, generator speed, generator temperature,
gearbox bearing temperature, and generated power, are plotted in Figure 2. These five
process parameters are used in this study to create a cointegration-based monitoring model
for the selected wind turbine. The validation results of the developed model are presented
in the following section.



Energies 2023, 16, 2352 8 of 17

Table 1. Technical information of wind turbines in the wind farm.

Technical Parameters Value

Rated power 2050 kW

Cut-in wind speed 4 m/s

Cut-out wind speed 22 m/s

Rated wind speed 14.5 m/s

Operating temperature range −20 ◦C to +35 ◦C

Rotor diameter 82 m

Rotor area 5281 m2

Rotor blade length 40 m

Hub height 80 m
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It is important to mention that during the four-year monitoring period of interest, the
gearbox bearing temperature of the wind turbine R80721 was raised up to a peak value of
84.12 ◦C at the data sample 70,994, as marked in Figure 2. It is assumed that a fault in the
gearbox is substantially a progressive phenomenon and that the initial signs of the anomaly,
mostly indicated by a sudden increase in the gearbox bearing temperature, could appear
at least several hours before its actual occurrence. Hence, it is crucial that this gearbox
fault can be accurately predicted or detected early before the temperature of the gearbox
bearing goes up. The wind turbine power curve, formed by plotting the generated power
against the wind speed measured at the hub height for all data, is shown in Figure 3. The
power curve describes how much electrical power output is produced by a wind turbine at
different wind speeds.
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5. Results and Discussion

This section presents the validation of the cointegration-based monitoring method,
introduced in Section 3, using the wind turbine SCADA data, described in Section 4. A
cointegration-based monitoring model for the wind turbine (R80721) was established
using five process parameters, including the wind speed (y1t), generator speed (y2t), gen-
erator temperature (y3t), gearbox temperature (y4t), and generated power (y5t), where
y1t, y2t, y3t, y4t, y5t are variables representing the wind turbine parameters. Two differ-
ent sets of SCADA data were used to train the cointegration-based model and calculate
the normalized cointegrating vectors. The first training data set involves 12,000 samples
recorded before the occurrence of the gearbox fault (case 1), whereas the second one in-
cludes 6000 samples acquired after the fault occurrence (case 2). It is noted that these two
training data sets represent the periods when the given wind turbine was operating in
normal condition or healthy state. Cointegration residuals—obtained from projecting the
testing data (2000 samples including the gearbox fault event) on the normalized cointegrat-
ing vectors—are used in control charts for operational condition monitoring and automated
fault/abnormal detection.

5.1. Results Obtained by Using the First Training Data Set (Case 1)

The three-stage cointegration-based computation procedure (presented in Section 3)
was deployed for the case study. Following Equation (4), we first established a cointegration-
based monitoring model for the wind turbine (R80721). This model has the form

βTYt = y1t − β2y2t − β3y3t − β4y4t − β5y5t (7)

In the next stage, the cointegration-based wind turbine monitoring model was trained,
and then the normalized cointegrating vectors were estimated using the Johansen’s cointe-
gration method [33]. SCADA data within the sample points [17,000–29,000], corresponding
to 12,000 samples recorded before the gearbox fault occurrence, were used for this purpose.
These data are plotted in Figure 4 for the five process parameters. The wind turbine power
curve in this case is shown in Figure 5. The minimum and maximum values of each process
parameter used for training the cointegrating vectors are provided in Table 2. As a result,
we obtained four normalized cointegrating vectors (in the form of four column vectors),
which are given as follows:
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1 1

−2.5869 −5.7813
−0.0031 −0.0034

1 1
−2.9252 −0.9384
0.0119 0.0065

0.8893 −0.0300
−0.5507 0.6266

−0.0700 0.0433
−0.4709 0.1699


where the first normalized cointegrating vector is specified by the first column, the second
cointegrating vector is specified by the second column, and so on.
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Table 2. Parameters used for training the cointegrating vectors (case 1) and their limited values.

Parameters Min Value Max Value

Wind speed 2.18 mps 15.01 mps

Generator speed 969.83 rpm 1801.21 rpm

Generator temperature 22.76 ◦C 51.71 ◦C

Gearbox temperature 42.04 ◦C 78.85 ◦C

Generated power 6.82 kW 2038.92 kW

It is noted that in this case the constant vector cr, where r = 1, . . . , 4, is found as[
0.0229 0.0211 0.0090 −0.0013

]
. As mentioned in Section 3.2, only the first cointe-

gration residual is used in this study to monitor the health condition of wind turbines.
This cointegration residual is created by multiplying five vectors of the SCADA series
(i.e., testing data), corresponding to the five selected process parameters, by the first normalized
cointegrating vector. Therefore, the first cointegration residual (u1t) can be written as

u1t = βTYt + c1 = y1t − β2y2t − β3y3t − β4y4t − β5y5t + c1 =
y1t + 2.5869y2t + 0.0031y3t − 0.8893y4t + 0.5507y5t + 0.0229

(8)

As mentioned in Section 4, the abnormal temperature and fault in the gearbox bearing
occurred at the data sample 70,994. Hence, we selected 2000 data samples consisting of the
sample points from 70,000 to 72,000, i.e., covering the gearbox fault event, as the testing
data for each process parameter. Next, 2000 data samples of five process parameters are
inserted into variables y1t, y2t, y3t, y4t, y5t in Equation (8). This creates the first cointegration
residual in the form of a time series with 2000 samples. The obtained cointegration residual
is plotted together with the gearbox temperature in Figure 6 for the comparison. In addition,
the residual is plotted against the 99.9% statistical confidence intervals. The confidence
interval—with respect to the average of the residual—was calculated as ν ± 3σ, where ν
and σ are the mean and standard deviation. The first 900 sample points of the residual were
used for calculating the confidence interval. The two red dotted horizontal lines specify the
critical limits of the confidence interval. During the monitoring, if the cointegration residual
stays within these two lines, this means that the monitored wind turbine is operating in the
healthy state. On the contrary, a fault would appear whenever the residual goes beyond the
confidence levels. We can observe that the gearbox fault could be detected at data sample
922 in the residual timescale (or 70,922 in the SCADA data timescale). This implies that
the anomaly was detected about 720 min (or 12 h) before its actual occurrence at the data
sample 70,994.

5.2. Results Obtained by Using the Second Training Data Set (Case 2)

The computation procedure in Section 3 was applied for this case study. Regarding the
first stage, we used the same cointegration-based monitoring model for the wind turbine
(R80721), which was previously established for case 1 and given by Equation (7). However,
in the second stage the cointegration-based wind turbine monitoring model was trained
and then the normalized cointegrating vectors were estimated using SCADA data within
the sample points [130,000–136,000], corresponding to 6000 samples recorded after the
occurrence of the gearbox fault. These data are plotted in Figure 7 for the five process
parameters. The wind turbine power curve in this case is shown in Figure 8. The minimum
and maximum values of process parameters used for training the cointegrating vectors are
given in Table 3. As a result, we obtained four normalized cointegrating vectors (in the
form of four column vectors), which are listed below:
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1.2623 −5.1429
0.0044 −0.0013

1 1
−2.3078 0.1297
0.0140 −0.0071

−0.6261 0.0060
0.3217 0.5332

−0.0197 −0.0092
−0.6486 −0.1704
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Table 3. Parameters used for training the cointegrating vectors (case 2) and their limited values.

Parameters Min Value Max Value

Wind speed 3.47 mps 14.88 mps

Generator speed 969.83 rpm 1801.34 rpm

Generator temperature 20.89 ◦C 52.39 ◦C

Gearbox temperature 42.32 ◦C 77.09 ◦C

Generated power 10.41 kW 2042.91 kW

The constant vector cr is equal to
[
−0.0148 0.0166 0.0063 0.0062

]
in this case.

Again, the first cointegration residual is created by multiplying five vectors of the SCADA
series (i.e., testing data), corresponding to the five selected process parameters, by the first
normalized cointegrating vector. Therefore, the first cointegration residual (u1t) can be
formed as

u1t = βTYt + c1 = y1t − β2y2t − β3y3t − β4y4t − β5y5t + c1 =
y1t − 1.2623y2t − 0.0044y3t + 0.6261y4t − 0.3217y5t − 0.0148

(9)

The same set of the testing data, i.e., 2000 data samples used for case 1 in Section 5.1,
was also used in this case. After the testing data of five process parameters were inserted
into variables y1t, y2t, y3t, y4t, y5t in Equation (9), we obtained the first cointegration residual
in the form of a time series with 2000 samples. The residual is also plotted together with
the gearbox temperature in Figure 9 to illustrate the fault detection. The same confidence
interval was applied in this case. Interestingly, the abnormal temperature in the gearbox
bearing was detected at the same moment as reported in case 1, that is, at the data sample
922 in the residual timescale (or 70,922 in the SCADA data timescale). Therefore, the
anomaly was detected about 720 min (or 12 h) before its actual occurrence at the data
sample 70,994.

5.3. Discussion

The first important point to be discussed here is that for both cases investigated where
different sets of SCADA data were used to estimate the cointegrating vectors, the first
cointegration residuals obtained in Figure 6 (case 1) and Figure 9 (case 2) exhibit the same
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behaviour. To ease the observation and comparison, these two residuals are plotted together
in Figure 10. We can observe that their amplitudes, shapes, and trends are almost identical.
In particular, the moment of fault detection (at the data sample 922 in the residual timescale)
and the peak (at the data sample 994) are the same in both cases. Interestingly, the peak is
at the same moment as the fault occurrence.
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Moreover, it is well known that a certain cointegration residual usually represents a
long-run equilibrium relationship between the cointegrated time series [43]. In Figure 10,
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we can observe that for both cases the wind turbine exhibited a long-run equilibrium
relationship until the moment (at the data sample 922) when the fault was detected. Af-
ter passing the fault-related period, we can observe in both cases that the wind turbine
established a new long-run equilibrium relationship approximately after data sample 1200.

6. Conclusions

This study has reported a new investigation on cointegration for wind turbine moni-
toring using a four-year SCADA data set acquired from a commercial wind turbine. We
investigated for the first time what can be expected if two different sets of SCADA data,
representing different normal operating modes of the given wind turbine, are used to
train the cointegration-based monitoring model and calculate the normalized cointegrating
vectors. The experimental results demonstrated that although different training data sets
were used, the cointegration analysis created two residuals, having identical shapes and
trends, which could detect the gearbox fault at the same moment. These findings have
never been reported in the literature and would be helpful for the potential users of the
method in the future.

In comparison with well-trained ML-based methods, the cointegration-based wind
turbine monitoring solution may not provide very early warning signs about the fault
occurrence. However, the simplicity of the proposed method is an essential factor in practi-
cal condition monitoring applications. Instead of analysing and interpreting many wind
turbine parameters at the same time, by using this method, the wind turbine monitoring
and fault detection process is as simple as observing the stability of a single cointegration
residual in a control chart. This constitutes a simple and effective way to monitor the
operating state and detect incipient failures of wind turbines in a wind farm. In addition,
the use of multiple data sets to train the cointegration-based wind turbine monitoring
model and calculate the normalized cointegrating vectors could improve the reliability of
the condition monitoring and fault detection process.

In this study, the gearbox anomaly was detected about 12 h before its actual occurrence.
However, it is expected in practice that the early fault detection should be at least some
days or even weeks in advance for preventing wind turbine damages. Therefore, future
study on adapting the cointegration-based monitoring method to make it possible for early
fault prognosis in wind turbines has been planned. In addition, the training data sets
were analysed without cleaning so that the wind turbine power curves contained a lot of
outliers. The early fault detection would have improved if we had performed the power
curve cleaning.

This study presents some promising results. However, some works can be suggested
for the further development and validation of the method. First, the cointegration-based
monitoring method should be validated using other SCADA data sets which involve differ-
ent fault types associated with main turbine components. Second, it would be interesting
to investigate if the normalized cointegrating vectors calculated for a wind turbine with
sufficient training data can be reused for other wind turbines with scarce or limited opera-
tion data, especially for newly installed wind turbines. In other words, this future work
will involve the transfer learning of cointegration-based normal behaviour models between
wind turbines.
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