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Abstract- Gearbox faults are one of the most common and severe causes of energy losses in large wind turbine technology.
Further, degradation of gearboxes is an elusive phenomenon by the point of view of diagnostics. Yet, nowadays the widespread
diffusion of Supervisory Control And Data Acquisition (SCADA) control systems is a keystone for fault prevention. It is
desirable to conjugate accuracy of the outputs with intuitiveness and reasonable computational cost. The present work deals
with these issues: some methods are proposed for data mining of SCADA gearbox temperature and vibration measurements. In
particular, a model based on Artificial Neural Networks (ANN) is proposed and its performances are compared against similar
approaches in the literature. It arises that vibration analysis at the time scale of SCADA data is not effective for fault diagnosis,
even if powered by the artificial intelligence of the ANN, while the proposed ANN model for gearbox temperatures is useful
for early fault diagnosis. The method is tested on the data sets of a wind farm in southern Italy and it is shown that it is useful

for the diagnosis of incoming faults to three out of nine wind turbines of the site.
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1. Introduction

Large wind turbines are dynamically loaded along all the
chain transforming the slow rotation of the main shaft into
fast rotation for feeding power output into the electric grid.
For this reason, despite the developments in the technology,
malfunctioning of gearboxes is one of the most common
causes of producible energy loss. In [1, 2] it is estimated that
a judicious prevention would cost around the 20% of what a
sudden breakdown costs in terms of producible energy loss,
and it is shown that the common rate of gearbox breakdowns
justifies the need of condition monitoring techniques for fault
prevention. This is one of the reasons of the widespread
diffusion of control systems in wind turbine technology. As
regards gearboxes, Turbine Condition Monitoring (TCM)
systems employ accelerometers for recording vibrations at
the kHz scale, at meaningful points. Turbine Condition
Monitoring (TCM) through vibration analysis has pros and
cons: basically high diagnostic power, against high cost and

high complexity for elaborating the information [3] from the
data stream into knowledge. Due to the scientific challenges
of this approach, there is a vast literature about these issues.
For some examples, see [4-11]. The point about vibration
analysis is dealing with unsteady load conditions due to
rapidly changing wind speed: in [12] and [13], for example,
an angular resampling algorithm is proposed at this aim. In
Figure 1, a practical example is proposed: a sample spectrum
of planetary gearbox vibrations is reported. It highlights the
features of this kind of data: they are raw and
straightforward, but at the same time they are very noisy. In
Figure 1, the meshing frequencies are highlighted in red; it
arises that the real spectrum has peaks close to this
theoretical values, but there is also a spread which is difficult
to interpret. It might be due to a fault, but it is very complex
to investigate which tooth is damaged without having an
historical reference. Or it might be even due to unsteady
working operations (i.e. turbulence): for example, in [14], a
"wind to gear" approach is adopted to demonstrate that
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turbines, which are in the lee of the wake of a nearby turbine,
are affected by loads manifesting themselves at the level of
gearbox vibrations.

Therefore, for diagnostic issues it might be as valuable to
have data sets which are less "direct”, but at the same time
naturally denoised: for this reason, the other possible
approach for condition monitoring is exploiting Supervisory
Control And Data Acquisition (SCADA) control systems.
SCADA control systems are more versatile than ad hoc TCM
systems, they have lower cost but they have less diagnostic
power. For a comprehensive review about the possible
approaches to condition monitoring, see [15]. SCADA
systems record, usually on 10-minute time basis, the main
information about wind conditions, about the response of the
turbine (yaw alignment, pitch angle and so on), about power
output, about thermal behaviour at meaningful parts of the
turbine, possibly about structural vibrations and loads. The
versatility of SCADA data results in their use for several
intertwined tasks: assessing wind turbine operational
behaviour [16-23], understanding wake effects [24-37],
possibly in conjunction with complex wind flow induced by
the terrain [38-45]. In [46], SCADA data are employed for
predicting fatigue life of a main rear bearing in direct drive
wind turbines sited in complex terrain. Temperature
measurements at the gearbox conjugate simplicity to a
reasonable degree of responsiveness to the mechanical status
of the wind turbine. For this reason, the analysis of
temperatures for fault diagnosis has attracted a considerable
amount of attention in the scientific literature and the debate
is very fertile. For example, in [47], oil temperature rises as
recorded by SCADA control system are used for detection of
incoming gearbox failures. In [48], a normal behaviour
model of the electrical generator temperature is constructed
and incipient failure is detected as anomalous residuals
between model and actual temperature. A similar approach
was employed for gearbox bearing temperature and cooling
oil temperature in the very relevant work of [49], which has
been inspiration for this study. In [50], ANN algorithms are
employed for processing temperature data from 24 turbines.
Bearing faults are predicted 1.5 hours before their
occurrence, with 97% of accuracy. The time scale of this
advance with respect to the fault onset is not exploitable for
intervention: this motivates the need to push further, in order
for the diagnosis to be sufficiently early. ANN techniques are
employed in [51] for developing optimal maintenance
strategies of wind turbines. In [52], a Bayesian network
approach is employed for gearbox fault detection. In [53]
too, an ANN-based algorithm for condition monitoring is
proposed: a self-evolving maintenance scheduler framework
for maintenance management of wind turbines is proposed.
ANN techniques for anomaly detection are employed also in
[54], and in [55] normal behaviour modelling of two wind
turbine drive train temperatures has been investigated with
several modelling approaches.

One of the shortcomings of SCADA analysis for gearbox
maintenance is that, being based on statistical analysis, it
commonly requires vast data sets for providing meaningful
indications: the most common opinion therefore is that
SCADA can detect incipient faults at a late stage. Even if
several developments have lately been reached for

addressing these shortcomings and detecting faults in
manageable advance [56], one of the aims of this work is
giving some further response to such challenge. Actually, the
objective of this work is employing Artificial Neural
Networks, for their capability in reconstructing non-linear
dependency between inputs and outputs, and formulating
simple models for the diagnosis of occurring faults at the
level of gearbox. The data sets employed have the 10-
minutes sampling time of the common SCADA control
systems; the gearbox vibrations and the gearbox
temperatures are selected as target output to model. It will be
shown that the time resolution of SCADA is too coarse for
reliable vibration analysis, which should be rather observed
at its proper time scale (several Hz). The idea is therefore
that a phenomenon and its side effects might have very
different time scales: this is exactly the case of drivetrain
vibrations and bearing heating. Depending on the technology
at disposal, whose selection might be a matter of pros and
cons basing on cost and complexity, fault diagnosis might be
effective by analysing the phenomenon or its side effects. In
this case, side effects of vibrations is heating and analysing it
at the time scale of SCADA shall be shown to be very
effective for fault diagnosis. One of the main novelties of this
work is that the ANN model for internal temperatures is
formulated in order for it to be as simple as possible.
Actually, the minimum possible number of inputs is
employed: outdoor temperature and active power. The
objective is not only minimizing the computational cost.
Comparing against other models in the literature [49], that
feed the output at previous time steps as input to the ANN, it
is actually shown that the proposed model is superior as
regards the diagnostic power. The approach is tested on the
data sets of a wind farm sited in southern Italy and it is
shown that sharp diagnosis indications are provided for three
out of nine wind turbines.
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Fig. 1. Sample planetary gearbox vibrations: in red, the
meshing frequencies are highlighted. The frequency scale is
normalized to the frequency of the rotation of the rotor.

2. Materials and Methods
The testing ground of the proposed methods is an

onshore wind farm, sited in southern Italy and featuring 9
turbines with 2 MW of rated power each. This test case has
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been selected because of the vastness of the data sets at
disposal and in particular because three turbines have
undergone problems at the gearbox. The main features of the
test case are summarized in Table 1.

As regards temperature analysis, two methods are
employed and the former, introduced in [56] is a support to
the latter. The former method is a plot of the measurements
of the rotor bearing temperature against the percentage of
power with respect to the rated. This is done by averaging on
intervals having as amplitude the 10% of the rated power.
Comparing the behaviour of one turbine against the other on
a reasonably vast statistical basis allows to identify
mechanical problems with a manageable advance, as
discussed in [56]. The drawback of this method is that it is
demanding by the point of view of the size of the data set, in
order to give reliable responses, and it can be prohibitive to
reduce the size of the data set for early fault diagnosis.

The philosophy of this work is employing the above
approach as a support to another, more responsive, method.
The idea is that a considerable statistical basis, describing
each turbine producing output under expected thermal
behaviour, can be fed to a model: once this is consistently
trained, it can be capable of identifying anomalies on time
scales shorter than required by the method of [56]. The
vastness of the debate in the scientific literature clearly
identifies the candidate approach as ANN-based. A similar
problem has been addressed in [49], and the starting point for
this work has therefore been selected as the same model:
rotor bearing temperature as output; as inputs the outdoor
temperature, the power output, the rotor bearing temperature
one and two time steps earlier. In Section 2, it is shown that
this model (named as M) is not effective on the selected test
case for detecting gearbox problems: in other words, when
some wind turbine show anomalous behaviour (identified
through the power - temperature plot), anomalous residuals
between simulation and actual measurements don't manifest.
For this reason, another model is proposed, named as M.
The idea is therefore that one could possibly select as inputs
only "external” variables. Further, the internal temperature
signal, selected as target, should be as responsive as possible
to the input variables: in this case, external temperature and
collective motion of the shaft. Therefore, rotor bearing
temperature is selected as output; outdoor temperature and
power output are selected as inputs. Due to its relevance for
fault diagnosis, which shall be shown later on, the structure
of this model is sketched in Figure 2. The ANNs are feed-
forward with ten neurons and the number of neurons is set
through a sensitivity analysis.
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Fig. 2. The structure of the M, ANN model.

The test case wind farm has been selected because three
turbines (T1, T2 and T6) have undergone gearbox
malfunctioning: actually, this malfunctioning has been
correctly diagnosed using the approach of this work and that
of [56], in support, and it has been possible to service the
wind turbines before a traumatic breakdown. The
effectiveness of the proposed model is validated on multiple
time scales: three months, one month, one week, one day
(that is, even just few dozens of points). Actually, one key
point of this approach is the fact that the proposed model can
be responsive also with few dozens of points as validation
data set. This marks a concrete improvement with respect to
the method of [56]. In that case, for each diagnosis attempt a
considerable data set was required. Instead, with an
appropriate model one can train on a historical basis (with a
vast data set) once and for all, and validate on very short time
scales. This is less time consuming by a computational point
of view and the shortness of the data sets required for
responsiveness points at a concrete (because validated
against a real case) improvement in early fault detection.
The training data set is made of 13128 10-minute based
measurements, collected over six months, during which the
wind farm was producing output in unison.

Further, it has been investigated if it is effective for fault
diagnosis to approach directly vibration amplitudes as
collected by the SCADA control system. In particular, drive-
train vibration amplitudes are analysed. An approach is
adopted, similar to the case of bearing temperatures. Two
models are considered: in both of them, drive-train
oscillation amplitude is selected as output. In the former,
inputs are external temperature and power output. In the
latter, inputs are wind speed and power output. In Section 2,
it is shown that these models don't provide meaningful
indications of incoming problems at the gearbox. In some
sense, the philosophy is that vibrations are responsive in a
very straightforward way to mechanical faults, when
analysed on the proper time scale (several Hz, at least) and
with appropriate techniques. If one instead wants to adopt the
10-minute time basis of SCADA data, because it is less
demanding by the point of view of the techniques, one can
detect mechanical problems through by observing slower and
more persisting phenomena, as thermal effects are. In Table
2, a summary of all the models employed in this work is
proposed.
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Table 1. Features of the test case

Number of turbines 9

Rotor diameter 82 meters
Hub Height 80 meters
Rated Power 2 MW

Terrain Flat

Rated speed 13 m/s
Cut-in speed 4mfs
Cut-out speed 25 m/s

Table 2. The structure of the ANN models.

Model

Output

Inputs

Rotor bearing temperature

Power Output

External Temperature

Rotor bearing temperature

Power Output

External Temperature

Rotor bearing temperature one and

two time steps earlier

Drive-train vibration amplitude

Power Output

External Temperature

My

Drive-train vibration amplitude

Power Output

External Temperature

Drive-train vibration amplitude one

and two time steps earlier
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Ms Drive-train vibration amplitude Power Output
Nacelle wind speed
Me Drive-train vibration amplitude Power Output

Nacelle wind speed

Drive-train vibration amplitude one

and two time steps earlier

3. Results

In Figure 3, a rotor bearing temperature vs. power plot is
shown. The data set is the one employed for the training of
the ANN models. From this Figure, it arises that one should
expect the training data sets to have a good quality, in the
sense that every wind turbine of the farm has a regular
behaviour as regards rotor bearing temperature: the trends are
very compact and from the status codes data sets it arises that
there are no alarms regarding temperatures

40

3gF - - N

Rotar bearing temperature
w
<

——T1
% T2
—+- T3
-%-T4
1 T5
T6
{1 =717
-A-T8
—4—T19

30
0 20 40 60 80 100
Pereentage of rated power

Fig. 3. Rotor bearing vs Power, during the training period.
Bins have amplitude of the 10% of the rated power.

For brevity, the model proposed in this work is named M;
and the model of [49] is named M; (see Table 2), and they
are going to be validated against several data sets having
very different lengths. They are summarized in Table 3. The
metrics for evaluating the quality of the validation are the R?
and the Mean Absolute Error (MAE).

Table 3. Summary of the validation periods

Period Duration
P1 3 months
P> 1 month
Ps 1 week
Pa 1 day

In Table 4, the results are collected for the P, validation data
set: it arises that, using the M1 model, the couple of metrics
R? and MAE indicates an anomalous mismatch between
simulation and real data for turbines T1, T2 and T6. Three
months of data are surely enough for investigating the
thermal behaviour of the turbines using the same kind of plot
of Figure 3: this can be considered a crosscheck of the
proposed ANN approach. The results are shown in Figure 4:
actually, a severely anomalous behaviour of turbines T1, T2
and T6 is highlighted.

Table 4. Validation metrics: P; data set

Turbine R?— M; MAE — R?2— M, MAE —
M1 M2
T1 0.538 0.043 0.999 0.002
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T2 0.534 0.083 0.999 0.002
T3 0.834 0.024 0.999 0.002
T4 0.851 0.030 0.999 0.002
T5 0.819 0.029 0.999 0.002
T6 0.398 0.093 0.999 0.002
T7 0.823 0.028 0.999 0.002
T8 0.820 0.029 0.999 0.002
T9 0.858 0.027 0.999 0.002
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Fig. 4. Rotor bearing vs Power, during the P; validation
period. Bins have amplitude of the 10% of the rated power.

In Table 5, the results are shown for the validation data set
P,: it arises that, using the M, model, the turbines T1, T2, T6
are indicated as anomalous. In particular, the R? considerably
falls with respect to the other turbines. The M, model looks
indecisive as regards anomaly detection, on the P, data set.
On a monthly time scale, it is still reasonable to adopt the
approach of Figures 3 and 4, and for this reason the same
kind of plot is shown in Figure 5. It arises that turbines T1,
T2 and T6 show indeed a very anomalous behaviour, and the
suggestion coming from model My, in the form of mismatch
between simulation and reality, is correct.

Table 5. Validation metrics: P, data set

Turbine R2 - M; MAE — RZ2 - M, MAE —
M1 M2
T1 0.362 0.045 0.998 0.003
T2 0.269 0.078 0.999 0.002
T3 0.697 0.049 0.997 0.003
T4 0.681 0.044 0.997 0.002
T5 0.640 0.036 0.998 0.002
T6 0.189 0.074 0.999 0.002
T7 0.664 0.047 0.998 0.002
T8 0.671 0.036 0.999 0.002
T9 0.762 0.029 0.999 0.002
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Fig. 5. Rotor bearing vs Power, during the P, validation
period. Bins have amplitude of the 10% of the rated power.

Table 5 indicates that the diagnostic power of model My is
considerably higher than model M. This is reasonable,
because if one feeds an ANN with the output at previous
steps as input, it is likely that the cross-correlation between
subsequent time steps dominates over the dependency on real
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inputs and is independent on the functioning (anomalous or
not) of the wind turbine. Further zoom is actually provided
by Figures 6 and 7: they are time series of simulated and real
data during validation period Pi, for turbine T6, using
respectively model M and M. The results are in units of the
maximum rotor bearing temperature measured during the
training period. From Figures 6 and 7, it arises that the M
model reproduces almost exactly the temperature
fluctuations, while model M; doesn't. Even if it doesn't come
as a surprise, on the grounds above, that models M1 and M;
have different precision in general, model M; reasonably
catches the trend of temperature fluctuations on a local scale,
but only when the turbine is operating properly: as a
crosscheck, this is shown in Figure 8 for turbine T4.
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Fig. 6. Time series of simulated vs. measured data, using
model Mi: validation period P4, turbine T6
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Fig. 7. Time series of simulated vs. measured data, using
model My: validation period P4, turbine T6
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Fig. 8. Time series of simulated vs. measured data, using
model Mi: validation period P4, turbine T4

In Tables 6 and 7, the validation metrics are reported for the
Ps and P4 data sets. From the Tables, it arises that model M1
indicates anomalous mismatch and scarce correlation
between simulated and real data for turbines T1, T2 and T6.
Instead, model M, doesn't provide clear diagnostic
indications. It is particularly valuable that the approach of
Figures 4 and 5 wouldn't be applicable for the P; and P4 data
sets, because they are too short. In particular, the M1 model
gives consistent indications also for the P4 data set, which is
composed by just few dozens of measurements.

Table 6. Validation metrics: P3 data set

Turbine RZ-M; | MAE- | R>-M; | MAE -
M3 M2

T1 0.482 0.033 0.996 0.003
T2 0.235 0.064 0.997 0.002
T3 0.693 0.023 0.993 0.002
T4 0.485 0.030 0.997 0.002
T5 0.544 0.037 0.996 0.002
T6 0.429 0.050 0.996 0.003
T7 0.539 0.030 0.996 0.002
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T8 0.696 0.029 0.997 0.002

Table 8 Validation metrics: P, data set

T9 0.550 0.036 0.997 0.003

Table 7. Validation metrics: P4 data set

Turbine RZ-M; | MAE- | R>-M; | MAE -
M, M
T1 0.227 0.043 0.993 0.003
T2 0.021 0.037 0.997 0.002
T3 0.406 0.031 0.981 0.002
T4 0.372 0.026 0.983 0.002
T5 0.113 0.032 0.987 0.003
T6 0.049 0.051 0.997 0.001
T7 0.379 0.031 0.995 0.001
T8 0.358 0.031 0.995 0.002
T9 0.456 0.031 0.990 0.002

As regards ANN models for drive-train vibrations, the model
having external temperature and active power as input and
vibrations as output is labeled as Ms. My is the model built
parallel to the one in [49], having external temperature,
active power and vibrations one and two time steps earlier as
inputs. Ms and Mg are the same as, respectively, Mz and My,
but with nacelle wind speed instead of external temperature.
See Table 2 for a recap. The selected validation period is Py,
because one month of data has been considered a reasonable
halfway and especially because it is already known from
Figure 5 and Table 5 that turbines T1, T2 and T6 are
undergoing anomalous functioning. The validation metrics
are collected in Tables 8 and 9.

Turbine RZ-M; | MAE - RZ-Ms | MAE -
M3 M
T1 0.551 0.082 0.874 0.040
T2 0.779 0.058 0.903 0.038
T3 0.776 0.070 0.934 0.030
T4 0.425 0.084 0.899 0.034
T5 0.425 0.100 0.867 0.039
T6 0.450 0.085 0.891 0.036
T7 0.422 0.093 0.906 0.035
T8 0.431 0.076 0.902 0.031
T9 0.497 0.073 0.908 0.033
Table 9 Validation metrics: P, data set
Turbine RZ-Ms | MAE — RZ—-Ms | MAE -
Ms Me

T1 0.600 0.096 0.873 0.043
T2 0.763 0.067 0.907 0.038
T3 0.805 0.064 0.936 0.033
T4 0.446 0.115 0.886 0.038
T5 0.407 0.137 0.860 0.044
T6 0.475 0.113 0.886 0.039
T7 0.502 0.088 0.905 0.036
T8 0.415 0.097 0.901 0.032
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T9 0.566 0.091 0.913 0.032

From Tables 8 and 9 it arises that the models are not capable
of highlighting the anomalies of turbines T1, T2 and T6: the
metrics don’t distinguish them with respect to the rest of the
wind farm. The key point is the sampling time: for vibrations
it is several Hz, for SCADA it is 10 minutes. The general
lesson is that a straightforward analysis of vibration signals
should be addressed on its proper time scale, as for example
in [57], where 32 Hz data are analysed with ANN techniques
for early fault diagnosis. Consequences of mechanical
phenomena might have different characteristic time and
therefore be slower and more persistent: this is the case of
thermal effects, and that is why ANNs are capable of
reconstructing the behaviour of drive-train temperatures
using data with 10 minutes sampling time. Comparing
models M; and M, a further lesson arises: precisely because
thermal effects are "slow™, if one trains a model using as
input the output at previous steps, one loses the diagnostic
power, because the cross correlation between what happens
now and what will happen soon dominates over the
dependency on "external” variables.

4. Conclusion and Future Work

This work was devoted to the issue of early detecting of
mechanical damages to large wind turbine gearboxes.
SCADA data have been selected as source of information to
process: actually, as discussed in the Introduction, despite
SCADA are considered late stage indication of incoming
faults by the point of view of condition monitoring,
impressive developments are being achieved. Therefore, as
regards fault diagnosis, SCADA analysis (also because of its
simplicity, intuitiveness and low cost) is struggling in
competitiveness against vibration analysis.

In this work, an onshore wind farm sited in southern
Italy has been studied as test case. Rotor bearing
temperatures and drive-train vibrations have been elaborated
through ANN techniques. The lesson is that, employing 10-
minute based SCADA data, the proposed model for gearbox
vibrations is not responsive for fault diagnosis. Actually,
averaging on 10-minutes basis a phenomenon having typical
time scale of several Hz drowns the information. In other
words, a phenomenon should be analysed on its proper scale,
while consequences of it might have different scales.
Anomalous mechanical functioning of gearboxes can have
persistent consequences as regards heating and this has
indeed proven to be the case for the selected test wind farm.
A model has therefore been proposed, targeting rotor bearing
temperature as output in function of outdoor temperature and
active power, and it has been shown that it is responsive in
diagnosing incoming faults, through the anomalous
mismatch between actual measurements and simulated ones.
Three out of the nine turbines of the test case wind farms are
actually highlighted as subject to incoming gearbox faults
and the validation has been conducted on several test periods
having different lengths (from few months to just one day).

A vast debate in the scientific literature is devoted to
optimization of data mining algorithms for wind turbine fault
diagnosis. A lesson coming from the test case of the present
work is that machine learning algorithms should not be
doped with the history of the output to study, because
diagnostic power is lost. In other words, if one wants to
model rotor bearing temperature, it is better to employ only
"external” variables as inputs. If input to the model is also
added in the form of the output itself at previous steps, for
thermal phenomena the cross correlation between what
happens and what will happen dominates over the
dependency on variables external to the gearbox and the
model reproduces faithfully also anomalous behaviour: no
room is left for identifying faults as mismatch between
simulation and actual measurements. This lesson is
resembled in the fact that the diagnostic power of the
proposed model has proven to be superior with respect to the
one of [49], on the test case of this work (see Figures 6 and
7).

The results are interesting not only in the context of
machine learning techniques. Actually, the method proposed
in [56] is used as a support to the one proposed in this work
and as a milestone to compare with. The two methods have
two main differences: the method of [56] requires a
considerably vast data set each time it is applied (a
reasonable rule of thumb is one month of data), while the
method of this work requires a statistical basis once and for
all and can subsequently be validated with success even on
very short time scales (P4 is only one day of data). Further,
the method proposed in this work can easily be automated
also as regards the phase of fault identification through the
analysis of MAE and R? metrics.

A challenging further direction of this work is
connecting microscopic and macroscopic wind turbine
underworlds, i.e. gearbox vibrations to SCADA data. Some
first developments are collected, for example, in [14], where
a "wind to gear" approach has been proposed for connecting
a flow phenomenon to a mechanical phenomenon and
understanding the mechanics of the gearbox under complex
flow. A "temperature to gear" approach would be very
valuable and it would constitute an impressive upgrade of
this work.

References

[1] Condition Monitoring (2013) Exploring the innovations,
challenges and potential of the products and services that
keep wind turbines operating. Windpower Monthly,
Haymarket Media Group, July 2013.

[2] Wind Turbine Control Systems (2014) Exploring the
capabilities of the latest systems, and the drivers and
challenges for further development. Windpower
Monthly, Haymarket Media Group, March 2014.

[3] Bassett, K.; Carriveau, R.; Ting, D.S. Vibration analysis
of 2.3 MW wind turbine operation using the discrete
wavelet transform. Wind Engineering 2010, 34, 375-
388.

973



INTERNATIONAL JOURNAL of RENEWABLE ENERGY RESEARCH

D. Astolfi et al., Vol.7, No.2, 2017

[4] Roshan-Ghias, A.; Shamsollahi, M.; Mobed, M
Behzad, M. Estimation of modal parameters using
bilinear joint time—frequency distributions. Mechanical
Systems and Signal Processing 2007, 21, 2125-2136.

[5] Lu, B,; Li, Y.; Wu, X.; Yang, Z. A review of recent
advances in wind turbine condition monitoring and fault
diagnosis. Power Electronics and Machines in Wind
Applications, 2009. PEMWA 2009. IEEE. IEEE, 2009,
pp. 1-7.

[6] Jiang, Y.; Tang, B.; Qin, Y.; Liu, W. Feature extraction
method of wind turbine based on adaptive Morlet
wavelet and SVD. Renewable energy 2011, 36, 2146—
2153.

[7] Purarjomandlangrudi, A.; Nourbakhsh, G.; Esmalifalak,
M.; Tan, A. Fault detection in wind turbine: a systematic
literature review. Wind engineering 2013, 37, 535-547.

[8] Zhang, Z.; Kusiak, A. Monitoring wind turbine vibration
based on SCADA data. Journal of Solar Energy
Engineering 2012, 134, 021004.

[9] Siegel, D.; Zhao, W.; Lapira, E.; AbuAli, M.; Lee, J. A
comparative study on vibration-based condition
monitoring algorithms for wind turbine drive trains.
Wind Energy 2014, 17, 695-714. [10] Sawalhi, N.;
Randall, R.B. Gear parameter identification in a wind
turbine gearbox using vibration signals. Mechanical
Systems and Signal Processing 2014, 42, 368-376.

[10] Tchakoua, P.; Wamkeue, R.; Ouhrouche, M.; Slaoui-
Hasnaoui, F.; Tameghe, T.A.; Ekemb, G. Wind turbine
condition monitoring: State-of-the-art review, new
trends, and future challenges. Energies 2014, 7, 2595—
2630.

[11] Villa, L. F., Refiones, A., Peran, J. R., & De Miguel, L.
J. (2011). Angular resampling for vibration analysis in
wind turbines under non-linear speed fluctuation.
Mechanical Systems and Signal Processing, 25(6), 2157-
2168

[12] Santos, P., Villa, L. F., Refiones, A., Bustillo, A., &
Maudes, J. (2015). An SVM-based solution for fault
detection in wind turbines. Sensors, 15(3), 5627-5648.

[13] Castellani, F.; D’Elia, G.; Astolfi, D.; Mucchi, E.;
Giorgio, D.; Terzi, L. Analyzing wind turbine flow
interaction through vibration data. Journal of Physics:
Conference Series. 0P Publishing, 2016, Vol. 753, p.
112008.

[14] Tchakoua, P.; Wamkeue, R.; Ouhrouche, M.; Slaoui-
Hasnaoui, F.; Tameghe, T.A.; Ekemb, G. Wind turbine
condition monitoring: State-of-the-art review, new
trends, and future challenges. Energies 2014, 7, 2595—
2630.

[15] Marvuglia, A.; Messineo, A. Monitoring of wind farms’
power curves using machine learning techniques.
Applied Energy 2012, 98, 574-583.

[16] Castellani, F.; Garinei, A.; Terzi, L.; Astolfi, D.; Moretti,
M.; Lombardi, A. A new data mining approach for

power performance verification of an on-shore wind
farm. Diagnostyka 2013, 14.

[17] Castellani, F.; Garinei, A.; Terzi, L.; Astolfi, D
Gaudiosi, M. Improving windfarm operation practice
through numerical modelling and supervisory control
and data acquisition data analysis. IET Renewable
Power Generation 2014, 8, 367-379..

[18] Castellani, F.; Astolfi, D.; Terzi, L.; Hansen, K.S;
Rodrigo, J.S. Analysing wind farm efficiency on
complex terrains. Journal of Physics: Conference Series.
I0P Publishing, 2014, Vol. 524, p. 012142.

[19] Astolfi, D.; Castellani, F.; Garinei, A.; Terzi, L. Data
mining techniques for performance analysis of onshore
wind farms. Applied Energy 2015, 148, 220-233.

[20] Papatheou, E.; Dervilis, N.; Maguire, A.E.; Antoniadou,
I.; Worden, K. A performance monitoring approach for
the novel Lillgrund offshore wind farm. IEEE
Transactions on Industrial Electronics 2015, 62, 6636—
6644.

[21] Astolfi, D.; Castellani, F.; Terzi, L. Mathematical
methods for SCADA data mining of onshore wind
farms: Performance evaluation and wake analysis. Wind
Engineering 2016, p. 0309524X15624606.

[22] Bartolini, N.; Scappaticci, L.; Garinei, A.; Becchetti, M.;
Terzi, L. Analysing wind turbine state dynamics for fault
diagnosis. Diagnostyka 2016, 17.

[23] Schepers, G.; Barthelmie, R.; Rados, K.; Lange, B.;
Schlez, W. Large off-shore windfarms: linking wake
models with atmospheric boundary layer models. Wind
Engineering 2001, 25, 307. [25] Rodrigo, J.; Gancarski,
P.; Arroyo, R.; Moriarty, P.; Chuchfield, M.; Naughton,
J.; Hansen, K.; Machefaux, E.; Koblitz, T.; Maguire, E.;
others. IEA-Task 31 WAKEBENCH: Towards a
protocol for wind farm flow model evaluation. Part 1:
Flow-over-terrain ~ models. Journal of  Physics:
Conference Series. 0P Publishing, 2014, Vol. 524, p.
012105.

[24] Moriarty, P.; Rodrigo, J.S.; Gancarski, P.; Chuchfield,
M.; Naughton, J.W.; Hansen, K.S.; Machefaux, E.;
Maguire, E.; Castellani, F.; Terzi, L.; others. IEA-Task
31 WAKEBENCH: Towards a protocol for wind farm
flow model evaluation. Part 2: Wind farm wake models.
Journal of Physics: Conference Series. IOP Publishing,
2014, Vol. 524, p. 012185.

[25] McKay, P.; Carriveau, R.; Ting, D.S.K. Wake impacts
on downstream wind turbine performance and yaw
alignment. Wind Energy 2013, 16, 221-234.

[26] Crasto, G.; Castellani, F. Wakes calculation in a offshore
wind farm. Wind Engineering 2013, 37, 269-280.

[27]Porté-Agel, F.; Wu, Y.T.; Chen, C.H. A Numerical
Study of the Effects of Wind Direction on Turbine
Wakes and Power Losses in a Large Wind Farm.
Energies 2013, 6, 5297-5313.

974



INTERNATIONAL JOURNAL of RENEWABLE ENERGY RESEARCH

D. Astolfi et al., Vol.7, No.2, 2017

[28] Barthelmie, R.; Hansen, K.; Pryor, S. Meteorological
Controls on Wind Turbine Wakes. Proceedings of the
IEEE 2013, 101, 1010-1019.

[29] Barthelmie, R.; Pryor, S.; Frandsen, S.; Hansen, K
Schepers, J.; Rados, K.; Schlez, W.; Neubert, A.; Jensen,
L.; Neckelmann, S. Quantifying the Impact of Wind
Turbine Wakes on Power Output at Offshore Wind
Farms. Journal of Atmospheric and Oceanic Technology
2010, 27, 1302-1317.

[30] Hansen, K.; Barthelmie, R.; Jensen, L.; Sommer, A. The
impact of turbulence intensity and atmospheric stability
on power deficits due to wind turbine wakes at Horns
Rev wind farm. Wind Energy 2012, 15, 183-196.

[31] Castellani, F.; Gravdahl, A.; Crasto, G.; Piccioni, E.;
Vignaroli, A. A practical approach in the CFD
simulation of off-shore wind farms through the actuator
disc technique. Energy Procedia 2013, 35, 274-284.

[32] Choudhry, A.; Mo, J.0.; Arjomandi, M.; Kelso, R.
Effects of Wake Interaction on Downstream Wind
Turbines. Wind Engineering 2014, 38, 535-547.

[33] Marathe, N.; Swift, A.; Hirth, B.; Walker, R.; Schroeder,
J. Characterizing power performance and wake of a
wind turbine under yaw and blade pitch. Wind Energy
2015.

[34]Zhong, H.; Du, P.; Tang, F.; Wang, L. Lagrangian
dynamic large-eddy simulation of wind turbine near
wakes combined with an actuator line method. Applied
Energy 2015, 144, 224-233.

[35] Castellani, F.; Astolfi, D.; Garinei, A.; Proietti, S.;
Sdringola, P.; Terzi, L.; Desideri, U. How wind turbines
alignment to wind direction affects efficiency? A case
study through SCADA data mining. Energy Procedia
2015, 75, 697-703.

[36] Moreno, P.; Gravdahl, A.R.; Romero, M. Wind flow
over complex terrain: application of linear and CFD
models. European wind energy conference and
exhibition, 2003, pp. 16-19.

[37]Lee, M.; Lee, S.H.; Hur, N.; Choi, C.K. A numerical
simulation of flow field in a wind farm on complex
terrain. Wind and Structures 2010, 13, 375.

[38] Makridis, A.; Chick, J. Validation of a CFD model of
wind turbine wakes with terrain effects. Journal of Wind
Engineering and Industrial Aerodynamics 2013, 123,
12-29.

[39] Castellani, F.; Astolfi, D.; Piccioni, E.; Terzi, L.
Numerical and experimental methods for wake flow
analysis in complex terrain. Journal of Physics:
Conference Series. 0P Publishing, 2015, Vol. 625, p.
012042.

[40] Castellani, F.; Astolfi, D.; Sdringola, P.; Proietti, S.;
Terzi, L. Analyzing wind turbine directional behavior:
SCADA data mining techniques for efficiency and
power assessment. Applied Energy 2015.

[41] Castellani, F.; Astolfi, D.; Burlando, M.; Terzi, L.
Numerical modelling for wind farm operational
assessment in complex terrain. Journal of Wind
Engineering and Industrial Aerodynamics 2015, 147,
320-329.

[42] Castellani, F.; Burlando, M.; Taghizadeh, S.; Astolfi, D.;
Piccioni, E. Wind energy forecast in complex sites with
a hybrid neural network and CFD based method. Energy
Procedia 2014, 45, 188-197.

[43] Castellani, F., Astolfi, D., Mana, M., Burlando, M.,
MeiBner, C., & Piccioni, E. (2016, September). Wind
power forecasting techniques in complex terrain: ANN
vs. ANN-CFD hybrid approach. In Journal of Physics:
Conference Series (Vol. 753, No. 8, p. 082002). 10P
Publishing.

[44] Watanabe, F.; Uchida, T. Micro-siting of Wind Turbine
in Complex Terrain: Simplified Fatigue Life Prediction
of Rotor bearing in Direct Drive Wind Turbines. Wind
Engineering 2015, 39, 349-368.

[45]Feng, Y.; Qiu, Y.; Crabtree, C.J.; Long, H.; Tavner, P.J.
Monitoring wind turbine gearboxes. Wind Energy 2013,
16, 728-740.

[46] Guo, P.; Infield, D.; Yang, X. Wind turbine generator
condition-monitoring using temperature trend analysis.
IEEE Transactions on sustainable energy 2012, 3, 124—
133.

[47] Zaher, A.; McArthur, S.; Infield, D.; Patel, Y. Online
wind turbine fault detection through automated SCADA
data analysis. Wind Energy 2009, 12, 574-593.

[48] Kusiak, A.; Verma, A. Analyzing bearing faults in wind
turbines: A data-mining approach. Renewable Energy
2012, 48, 110-116.

[49]Hameed, Z.; Wang, K. Development of optimal
maintenance strategies for offshore wind turbine by
using artificial neural network. Wind Engineering 2012,
36, 353-364.

[50]Chen, J., & Hao, G. (2011). Research on the fault
diagnosis of wind turbine gearbox based on bayesian
networks. In Practical Applications of Intelligent
Systems (pp. 217-223). Springer Berlin Heidelberg.

[51] Bangalore, P.; Tjernberg, L.B. An artificial neural
network approach for early fault detection of gearbox
bearings. IEEE Transactions on Smart Grid 2015, 6,
980-987.

[52] Sun, P.; Li, J.; Wang, C.; Lei, X. A generalized model
for wind turbine anomaly identification based on
SCADA data. Applied Energy 2016, 168, 550-567.

[53] Tautz-Weinert, J.; Watson, S.J. Comparison of different
modelling approaches of drive train temperature for the
purposes of wind turbine failure detection. Journal of
Physics: Conference Series. IOP Publishing, 2016, Vol.
753, p. 072014.

975



INTERNATIONAL JOURNAL of RENEWABLE ENERGY RESEARCH
D. Astolfi et al., Vol.7, No.2, 2017

[54] Astolfi, D.; Castellani, F.; Terzi, L. Fault prevention and
diagnosis through SCADA temperature data analysis of
an onshore wind farm. Diagnostyka 2014, 15.

[55] Ibrahim, R.K.; Tautz-Weinert, J.; Watson, S.J. Neural
networks for wind turbine fault detection via current
signature analysis 2016.

976



