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Reducing wind turbine downtime through innovations sur-
rounding asset management has the potential to greatly in-
fluence the LCoE for large wind farm developments. Fo-
cusing on generator bearing failure and vibration data, this
paper presents a two-stagemethodology to predict failure
within 1 to 2 months of occurrence. Results are obtained
by building up a database of failures and training machine
learning algorithms to classify the bearing as healthy or un-
healthy. This is achieved by first using clustering techniques
to produce sub-populations of data based on operating con-
ditions, which this paper demonstrates can greatly influence
the ability to diagnose a fault. Secondly, this work classifies
individual clusters as healthy or unhealthy from vibration
based conditionmonitoring systems by applying order anal-
ysis techniques to extract features. Using themethodology
explained in the report, an accuracy of up to 81.6% correct
failure prediction was achieved.
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1 | INTRODUCTION
In order for wind energy to compete with traditional methods of generating electricity such as fossil fuels, the levelised
cost of energy (LCoE)must be further reduced in the coming years. Costs associatedwith the operation andmaintenance
(O&M) of a wind farmmakes up a significant proportion of total lifetime costs. In fact, up to 30% of the total energy cost
can be spent onO&M for some large offshore developments [1]. With wind farmsmoving into harsher environments
further offshore, this value is only expected to increase in the future. As more money is spent on O&M, innovations
surrounding assetmanagement have the potential to greatly influence the overall LCoE. According to a study found in [2] ,
innovations associated with operations, maintenance and service are anticipated to reduce the LCoE by approximately
2% between 2014 and 2025. Generator faults can contribute significantly to the overall downtime experienced by
a wind farm due to component failure, with around 1 failure per year in state of the art offshore wind turbines (WT)
[3] [4] [5] [6] [7] [8].

One of the areas in which significant improvement can bemade is through the introduction of turbine condition-
based maintenance [2]. All large utility scale WTs have supervisory control and data acquisition (SCADA) systems
as standard, which are primarily used for performancemonitoring [9], however developers are now opting for more
sophisticated conditionmonitoring (CM) systems to gain better insight intoWT condition. Themost widely developed
and adopted CM systems are based on vibration analysis, with sensors placed throughout the nacelle to gain insight
into the dynamic performance ofWT sub-systems, and in turn identify any potential issues or faults. This paper will
focus onWT generator bearing failure of amulti-megawatt machine, and there are a number of well established and
proven techniques using vibration analysis to detect faults in such systems. These are traditionally based around Fourier
analysis, Hilbert transform and order analysis techniques, which can all be used to identify and extract features from
the signal based on rotational frequencies [10].

With increased wind farm capacity and asset portfolios growing in size there is a growing need for automated fault
detection, which can utilise proven techniques and flag issues in real time across an entire fleet. The research presented
in this paper draws upon synchronised databases of generator bearing vibration time series and failure events from
a wind turbine original equipment manufacturer (OEM). This allows multiple vibration signal examples of the same
failure mode in different turbines at a number of time intervals leading up to failure to be analysed and compared. This
paper will first of all introduce the bearing failure selected in this study and briefly describe the techniques used to
detect faults based on spectral analysis, providing insight into the key features which can be identified and extracted.
Secondly, this paper will briefly introduce the principles behind using classification algorithms to predict failure based
on extracting features from vibrationmeasurements before presenting prediction results.

Previous studies have shown that operating parameters at the time of vibrationmeasurement can have a substantial
effect on vibration spectra, and hence the features which are extracted to detect the fault [11] [12]. To help mitigate
these issues vibration samples can be binned based on power output at the time of measurement, a techniquewidely
adopted by developers of conditionmonitoring software today. Expanding on this idea of grouping vibration data, this
paper presents a two-stagemethodology to predict generator bearing failure 1-2months before occurrence. The first
stagewill use k-means clustering to group data by operating conditions, which will act as an advancement to existing
power binning techniques by consideringmore parameters to definemeasurement sample bins. The second stage uses
decision trees and support vector machines for feature classification. K-means clustering separates data based on
Euclidean distance from a set number of cluster centroids, therefore does not discriminate clusters based on sample
size. Both Decision Tree’s and SVM’s are well established techniques, with the former scaling well to larger groups and
the latter known to perform better with smaller groups [13] [14].

This paper provides insight into how clustering techniques can be used to improve classification accuracy by
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F IGURE 1 Damaged shaft from inner ring of bearing spinning on it (left) and damage to inner ring from spinning on
shaft (right).

separating vibration samples based on key operating conditions. The study uses a significantly larger pool of real world
data and examples of the same generator bearing failure in identical machines than any other previous study to date,
allowing for a comprehensive analysis of how failures observed across a fleet can be used to detect the same failure
in other similarWTs. It also presents additional evidence to support the hypothesis that operating conditions have a
substantial effect on the ability to detect faults and predict failure, and presents a robust and scale-able method to
separate vibrationmeasurements prior to classification, with the highest accuracy achieved at mid-range operating
conditions for an example wind turbine and failuremode.

2 | GENERATOR BEARING FAILURE
This paper will focus on generator bearing failure, which in this case stems from raised bearing temperatures leading to
bearing inner ring growth resulting in the bearing inner ring spinning on the generator rotor shaft at the drive end. For
this reason, the fault leading up to failure will be treated as amechanical looseness issue within the internal assembly,
with Figure 1 showing damage that can occur over time from a fault of this nature. Root causes sometimes stem from
design andmanufacturing issues such as imperfections in material grade, out of tolerances and improper installation
methods. Other causes include operational andmaintenance issues such as high loading, unbalanced electromagnetic
forces, damagewhile in transit or exacerbated by inadequate cooling and inspection strategies [15].

3 | METHODOLOGY
Figure 3 shows the overall methodology used in this study, with the initial stage compromising of the data gathering and
labelling process. Next the vibration signals were analysed and the key features were extractedwhich could indicate the
fault or describe the operating conditions at the time of measurement. Twomodels are presented in this paper, both of
which used classification algorithms to classify the bearing as healthy or unhealthy. The first acting as a baselinemodel
in which to compare the second two stage cluster-classificationmodel.

3.1 | Data population
In order to track and compare component condition, vibration data was retrieved at different points in time leading up
to a generator bearing failure. To achieve this, events associated with generator bearing failure from awind turbine
OEMwere analysed until several examples of the same failure modewere identified. This was then cross checkedwith
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F IGURE 2 Two stagemethodology for training and validating algorithms to predict generator bearing failure using
n number of clusters.

SCADA data to ensure dates were correlated by checking failure dates with down time experienced by the wind turbine.
To guarantee a fair comparison all examples were from an identical generator and drivetrain configuration. In order to
ensure confidentiality the exact power output andwind turbine and bearing type used is not provided, however it can
be stated that it was a doubly-fed induction generator (DFIG) with a rated power of between 2 and 4MW. Each turbine
utilised a variable speed, pitch regulated control strategy. Generator rotor speed at rated power was partly determined
by grid frequency, where examples were found for both 50 and 60Hz.

A total of 15 different wind turbines from eight wind farms were used in the study, in each of which between 4 and
10 vibration samples were gathered a week apart 1 year, 5-6months and 1-2months before failure. In most cases data
was gathered from each of the three groups described above. In some cases however not every group could be provided,
in which case data was used where available. This is clarified in Table 1. Each sample consisted of approximately 10
seconds of data taken with a sampling frequency of approximately 25 kHz at both the drive end and non-drive end
generator bearing (see Figure 3 for clarification).

Once the population of failure examples had been identified the data gathered prior to occurrence, datawas labeled
based on the time to failure. A binary classification systemwas used, with samples labeled ’healthy’ taken at more than
2months prior to failure and labeled ’unhealthy’ if the sample was taken between failure and 2months prior to failure.
This gave a total of 306 vibration samples, consisting of 204 in class A (healthy) and 102 in class B (unhealthy) for both
the drive end and non-drive end sensor.



ALAN TURNBULL ET AL. 5
TABLE 1 Pool of data available for analysis

Wind turbine No. Healthy - at least 1 year Healthy - 5-6months Unhealthy - 1-2months
1 10 samples 1 week apart 9 samples 1 week apart 7 samples 1 week apart
2 None None 4 samples 1 week apart
3 9 samples 1 week apart 7 samples 1 week apart 8 samples 1 week apart
4 8 samples 1 week apart 7 samples 1 week apart 8 samples 1 week apart
5 10 samples 1 week apart 10 samples 1 week apart 7 samples 1 week apart
6 9 samples 1 week apart 8 samples 1 week apart 8 samples 1 week apart
7 8 samples 1 week apart 7 samples 1 week apart 7 samples 1 week apart
8 8 samples 1 week apart 8 samples 1 week apart 8 samples 1 week apart
9 9 samples 1 week apart 9 samples 1 week apart 6 samples 1 week apart
10 None 9 samples 1 week apart 7 samples 1 week apart
11 None 9 samples 1 week apart 7 samples 1 week apart
12 9 samples 1 week apart 9 samples 1 week apart 5 samples 1 week apart
13 8 samples 1 week apart 8 samples 1 week apart 6 samples 1 week apart
14 None None 7 samples 1 week apart
15 7 samples 1 week apart 9 samples 1 week apart 7 samples 1 week apart
Total 95 samples 109 samples 102 samples

3.2 | Feature extraction

Most of the experience to draw upon to analyse vibration in generators and other rotating machinery comes from
industries which utilise large, fixed speed synchronousmachines. Modern wind turbines employ variable speed control
strategies and, along with the stochastic nature of the wind, produce load patterns that are far more varied than
traditional generators. The analysis of such vibration signals are therefore more challenging and as such, makes
diagnosing faults in wind turbine generators more difficult.

3.2.1 | Time domain analysis

The vibration signal can be analysed in a number of ways, the simplest of which is in the time domain. Basic statistical
analysis techniques can provide important information about the signal and although it is not sufficient to actually
diagnose faults on its own, it certainly provides a useful method in which to detect any obvious irregularities. Table 2
shows the features that were extracted and used to analyse the signal, where x (t ) is the acceleration at time t , xmax
and xmin are themaximum andminimummeasured acceleration, ux , xrms , σx and β are themean acceleration, RMS,
standard deviation and kurtosis over signal lengthT .
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F IGURE 3 Diagram showing estimated positions of accelerometers used tomeasure generator bearing vibration.

TABLE 2 Time-domain features
Feature No. Feature Formula

1.1 Maximum xmax = max {x (t )}

1.2 Minimum xmin = min {x (t )}

1.3 Mean ux =
1
T

∫ T
0
x (t )d t

1.4 RMS xrms =
[
1
T

∫ T
0
x2(t )d t

]1/2
1.5 Standard deviation σx =

√
1
T

∫ T
0
[x (t ) − ux ]2d t

1.6 Kurtosis β = 1
T

∫ T
0
[x (t ) − ux ]

4d t

3.2.2 | Fourier & order analysis
The fastest and most widely used technique for analysing vibration signals is through the Fourier Transform, which
represents the signal in the frequency domain, in which spectral peaks and signal energy can be analysed [16]. However,
during each vibration sample, the generator shaft speed can vary, often significantly, meaning that the signal is not
stationary. This can produce a smearing effect on the FFT spectrumwhich is somewhat proportional to the range of
shaft speeds experienced over the sample. The Fourier transform can therefore be adapted for a sliding timewindow by
using the short-time Fourier transform, where a spectro-temporal representation of the signal is obtained. This is used
for order analysis and allows the spectral values to be tracked in time [17] [18]. Order analysis is a re-sampling technique
which can be effective when analysing non-stationary signals. When a signal is re-sampled using this technique it
moves from a variable shaft speed and constant sampling rate, to constant shaft speed and variable sample rate. When
computing the frequency-RPMmap it is important that a sensible resolution bandwidth is chosen to capture all the
desired features of the signal therefore losing as little information as possible. Table 3 shows the features that were
extracted and used to analyse the signal using this technique. The spectral peak frequencies were chosen to reflect
amplitude gains expected for a bearing fault such as this causing relativemovement within the internal assembly of the
generator [12] [15] [19] [20].

Although allWTs in the datasetwere the same size and topology, they did not all use the same bearingmanufacturer
and model. This meant that the ball passing frequency for the inner and outer races (BPFI and BPFO), as well as
the rolling element deterioration frequency (BSF) could not be calculated consistently for eachWT. For this reason
only frequencies which were common to allWTswere used in the analysis, which included synchronous vibration at
rotor speed fundamental frequency (Order No. 1) alongwith the 2nd (Order No. 2) and 3rd (Order No. 3) harmonics.
Non-synchronous vibration indicators were also extracted at order numbers 0.5, 1.5 , 2.5 and 3.5.
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TABLE 3 Order-domain features

Feature No. Feature Description
2.1 A0.5 Amplitude of peak at order number 0.5
2.2 A1 Amplitude of peak at order number 1
2.3 A1.5 Amplitude of peak at order number 1.5
2.4 A2 Amplitude of peak at order number 2
2.5 A2.5 Amplitude of peak at order number 2.5
2.6 A3 Amplitude of peak at order number 3
2.7 A3.5 Amplitude of peak at order number 3.5

TABLE 4 Operational characteristics
Feature No. Feature Description

3.1 Pout Average electrical power out during 10s signal
3.2 Ωgen Average shaft speed during 10s signal
3.3 τgen Average electromagnetic torque during 10s signal τgen = Pout /Ωgen
3.4 Uwi nd Average wind speed during 10s signal fromwind turbine anemometer

3.2.3 | Operational characteristics

Operational characteristics are used as a method of understanding the loading conditions at the time of vibration
measurement. The features that were extracted to represent this are shown in Table 4 andwere used in two instances;
first of all in the baselinemodel to assist with training the classification algorithms, and secondly in two-stagemodel
used independently from classification during the clustering stage. A wind turbine control strategy is defined on a
torque-speed curve while the operating performance is indicated by the power output in relation to wind speed. By
considering these 4 features a representation of both relationships can be achieved.

3.3 | Classificationmodels and prediction algorithms

3.3.1 | Baseline classificationmodel

The baseline classificationmodel trained the classification algorithmswith all available data regardless of turbine and
operating conditions at the time of vibration measurement. Both support vector machine (SVM) and decision tree
classifiers were tested, with decision trees proving to be best suited to the baselinemodel due to their ability to scale
easily to large data populations. Once algorithms were trained they could be validated using 5-fold cross validation (see
Section 3.4). This provided a baseline to which the two-stagemethodology could be fairly compared to evaluate the
effectiveness of clustering data by operating conditions to produce sub-populations of data.
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3.3.2 | Two-stage classificationmodel
For the two-stage model, as shown in Figure 2, features were clustered using k-means clustering to create groups
containing vibration samples taken at similar operating conditions. The same algorithms as described abovewere then
trained on features within each cluster, with the best algorithm chosen based on performance, which changedwith the
number and spread of samples in that particular group. Once algorithmswere trained they could be validated using
5-fold cross validation, before the chosen algorithmwas exported for each cluster. Once exported the chosen algorithm
could be used for any unseen data belonging to any particular cluster. Testing SVM’s and decision trees provided the
opportunity for high levels of accuracy across clusters containing both small and large quantities of data, which will be
discussed inmore detail in Section 4.

3.3.3 | Prediction algorithms
The classification algorithms described in this Section are used across both the baseline and two-stagemodel, while
clustering is only required in the latter. All algorithms are widely known techniques and can be readily applied.

There aremany types of common clustering algorithmswhich can find hidden patterns in large data sets, each of
which use different metrics to analyse the data. Such algorithms include Hierarchical clustering, k-Means clustering,
HiddenMarkovmodels andGaussianmixturemodels, however for this paper k-means clustering was chosen due to
its ease of application, fast computational speed and ability to choose the number of clusters [21]. K-means clustering
works by partitioning data into distinct clusters based on the euclidean distance to the centroid of each cluster. Any
number of clusters can be used, which is predefined (not chosen by the algorithm likemany other techniques) prior to
partitioning.

Once features were successfully grouped, classification algorithms were then trained and tested based on the
validation process outlined in Section 3.4, with the best chosen and applied to the set of features specific to that cluster.
There are a variety of classifiers available that use supervised learning processes to classify data. For this research
decision trees and support vector machines with polynomial kernel were chosen. Decision trees scale well making them
suitable for datasets with a large number of samples, while SVM’s typically are more suitable for datasets with a smaller
number of samples. In such cases however, they provide an opportunity for more complex decision boundaries to be
established [21].

Decision trees are simple algorithms which classify data based on a variety of features. At the root of the tree
all features are considered before the data is split into branches based on predetermined conditions. This process of
using logic to split data continues using a series of internal nodes until branches can no longer be split again, producing
a leaf, or final decision at the terminal node. The process of splitting data is key to producing a useful decision tree,
as each split will have a cost associated in terms of performance and accuracy. Toomany splits can cause trees to be
overly complex and results in data overfitting, meaning it does not generalise the data well. Decision trees can be
refined by pruningmethods, which remove branches utilising features of low importance, and boostingmethods, which
increase tree stability, or the likelihood of small changesmaking a significant impact on the overall tree design. SVM’s
are adaptable algorithms widely used for both classification and regression problems. They work by plotting each data
point in n-dimensional space, with n being the number of features used to train themodel. Classification is achieved by
finding the hyper-plane that differentiates the classes of coordinates (also known as support vectors). Themargin is a
measure of the distance between the hyper-plane and nearest support vector of each classification. A large margin
indicates that the support vectormachine is stable andwill be less susceptible tomisclassifying data [22] . Both classifiers
are well established andmore information can be found about their application in [13] [23].



ALAN TURNBULL ET AL. 9

F IGURE 4 Confusionmatrix of trained algorithms for all data (100 healthy and 100 unhealthy samples).

3.4 | Validation of results
There are two key stages when applyingmachine learning to vibration data for classification; a training phase followed
by a validation phase. This process was repeated with different permutations of features to discover which could best
be used to produce the greatest overall accuracy. For each labeled vibration sample leading up to failure the features
described in Tables 2 to 4were extracted and used. These were then clusteredwith data in each cluster according to
Table 5. To ensure the algorithm is trained in a balancedmanner, the same number of data points were chosen from each
class, with random samples chosen for the class withmore samples in any particular group. For example, if one cluster
contained 40 healthy samples and 32 unhealthy samples, 32 samples for each health class were used to train themodel.
Cross-validationwas used to determine the overall accuracy of the algorithm. Thismethod involves partitioning the data
into subsets of a predetermined ratio, one of which is then omitted from training and used to test the algorithm. For this
example 20% of the datawas used for validation purposes. The process is then repeated using different sup-populations
and an average accuracy calculated to use as a performance indicator. The prediction process can then be evaluated
using a confusionmatrix giving correct/incorrect classification and the likelihood of false positives/ negatives.

4 | RESULTS & DISCUSSION
4.1 | Baseline classificationmodel
The baselinemodel had amaximum classification accuracy of 67% using a decision tree classifier. The confusionmatrix
is presented in Figure 4, which shows the likelihood of false positives or negatives when classifying the bearings as
healthy or unhealthy. The data population used for both training and validation was limited only by the number of
available unhealthy examples. The results shown here used 100 random vibration samples from each health class and
regardless of the random population of data used, the accuracy never increased beyond 67%, with themean accuracy
just over 64% for this particular classification algorithm. The fact that accuracy changes substantially based on the data
chosen for training highlights the limitations of this approach and suggests that a more robust methodology is required
to choose datamore carefully for supervised training.

The results above used all order domain features described in Table 3, along with the time series RMS, standard
deviation and kurtosis (features 1.4-1.6) in Table 2. For the baseline model, operational characteristics outlined in Table
4 were also utilised for classification.
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TABLE 5 Cluster descriptions
Cluster No. Data in cluster (%) Centroid position (τgen ,Uwi nd ,Ugen ) Cluster description

1 15.0 (0.093, 0.19, 0.61) low torque, low wind speed, low
gen speed

2 4.2 (0.23, 0.25, 0.72) low-med torque, low-med wind
speed, low-med gen speed

3 20.5 (0.27, 0.31, 0.87) medium torque, medium wind
speed, medium gen speed

4 41.0 (0.38, 0.38, 0.99) mediumtorque, ratedwind speed,
high gen speed

5 19.3 (0.83, 0.63, 0.99) rated torque, rated wind speed,
high gen speed

4.2 | Two-stage classificationmodel
4.2.1 | Clustering results
K-means clustering partitions data using an iterative process initiated with a random guess of centroid positions. This
means that although the number of clusters can remain constant, different data clusters are obtained every time the
algorithm is ran with a different seed. A sensitivity study performed using 10 random seeds with 5 clusters showed that
96% of the data points were consistently grouped into a particular cluster. Results will focus on 5 clusters, chosen to
provide a balance between separating the vibration samples based on operating conditions while still having enough
data in each cluster to perform classification and validation. Using 5 clusters also manages to cover all parts of the
torque-speed operating curve including important transition points. The effect of number of clusters on classification
accuracy is presented inmore detail in Section 4.2.3.

Samples were clustered based on three properties which describe the operating conditions at the time the signal
was taken; average electromagnetic torque (feature 3.3), wind speed (feature 3.4) and generator speed (feature 3.2).
The average shaft speed and torque gives a good indication of loading conditions on the generator shaft at the time of
measurement, while using wind speed allows for an understanding of any de-rating or adjustments from the normal
torque speed curve operating points. Only 3 out of the 4 parameters described in Table 4were required due to the direct
relationship between power and torque. For this analysis using electromagnetic torque providedmore consistency
in the clustering process. The clusters are described qualitatively in Table 5, while Figure 5 shows the data clustered
into the 5 groups to assist with visualisation. Each point in Figure 5 represents the coordinates of the chosen operation
characteristics used for clustering for a single vibration sample. Note that these characteristics are common to both
the drive-end and non drive-end sample. The centroid position is also given in Table 5, which describes each cluster
quantitatively with respect to the normalised wind speed, electromagnetic torque and generator speed.

4.2.2 | Classification results
The results presented for the two-stage classification model use the 5 clusters of data shown in Section 4.2.1. Each
cluster goes through a training and validation process for each of the classification algorithms as described in Section
3.3.3. Table 6 presents the best algorithm and accuracy for each of the clusters, along with the percentage accuracy
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F IGURE 5 Plot of clusters based on three chosen variables, normalised to ensure confidentiality. ’X’ represents
each cluster centroid position.

TABLE 6 Results for 5 clusters
Cluster No. Algorithm Overall accuracy (%) Difference from basemodel (%)

1 Decision Tree 61 -6
2 SVM 70 +3
3 Decision Tree 81.6 +14.6
4 Decision Tree 78.6 +11.6
5 Decision Tree 65.2 -1.8

difference from the baseline model described in Section 4.1, for which all data was taken and classified without any
clustering.

Two of the groups showed a significant increase in accuracy with a maximum of up to 81.6% for group 3. These
two groups (3 and 4) accounted for 61.5% of all data, while group 2, which saw a comparatively modest rise of 3% in
accuracy accounted for a further 4.2%. Interestingly, the two groups (1 and 5) which underperformed in comparison to
the baseline model had the 2 extreme datasets of either very high operating conditions or very low. This suggests that if
the operating conditions are too low at the time of vibration sample it becomesmore difficult to distinguish between
a healthy or unhealthy bearing. Alternatively, if the WT is operating at rated power with rated torque, shaft speed
and wind speed, this also holds true. The algorithms performmuch better using features frommid-range operating
conditions, with the highest accuracy when in and around rated wind speed. Figure 6 shows the overall accuracy of the
algorithms for each group in comparison to the baseline, with the groups ordered based on the extremity of operating
conditions at the time the vibrations sample was taken.

In terms of features analysis, the dominant frequency (the point at which the most increase in amplitude was
observed to indicate the fault) changed between turbines, therefore all order domain features were used in every case.
The RMS, standard deviation and kurtosis proved to be themost significant of the time domain features, with accuracy
generally increasing if at least one of these three features was used.
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F IGURE 6 Plot of accuracy for each cluster ordered by extremity of operating conditions at time of vibration
sample.

To compare absolute accuracy of both approaches, an overall weighted accuracy for the two-stagemodel can be
calculated by;

γover al l =
n∑
i

γi δi (1)

where γover al l is the overall weighted accuracy, γi is the cluster accuracy and δi is the percentage of data in cluster
i for n number of clusters. For the 5 clusters in this analysis this gives an overall weighted accuracy of 73% for the
two-stagemethodology considering all data. If groups 1 and 5 are excluded, theweighted accuracy of the remaining
groups increases to 79%, and represents all data in mid-range operating conditions.

Looking at thebest performing algorithms inTable6, decision trees consistently outperformedSVM’s in the4groups
with the highest number of data samples. As expected, SVM’s performed better in group 2, which had significantly less
data. Having the option of both algorithms proved to be a useful method to ensure the highest accuracy was achieved
for each group of varying size.

Considering now the top two performing groups in more detail, Figure 7 shows the confusion matrix for each
training and validation phase. Results indicate a balance between predicting false-positives and false-negatives, with
each group having slightly less misclassification’s for unhealthy samples to that of healthy. Fault propagation times will
differ for every wind turbine used in the study, therefore the features extracted as fault indicators will also change in
time leading up to failure. Classifying all data 1-2months before failure as unhealthy is one of the limitations surrounding
this type of classification process, which considersmultiple examples withoutmaking an allowance for the fact each
bearing has its own unique propagation time and failure threshold.

4.2.3 | Effect of number of clusters on classification accuracy
The results highlighted in Section 4.2.2 showed the two-stage classificationmodel with 5 clusters. As stated previously,
this provided a balance between the number of clusters and number of data within each cluster. If 3 or 4were chosen an
increase in accuracy at mid range operating conditions still occurred, however the same level of improvements were
not observed. Tables 7 and 8 show the breakdown of clusters and accuracy alongwith the associated cluster centroid
positions and algorithms used. Considering a weighted accuracy as described in Section 4.2.2, this can be calculated
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F IGURE 7 Confusionmatrix of trained algorithms for group 3 (left) and group 4 (right).

TABLE 7 Results for 3 clusters
Cluster No. Data (%) Centroid Algorithm Overall accuracy (%)

1 31.1 (0.13, 0.21, 0.64) Decision Tree 62
2 50.1 (0.34, 0.36, 0.96) Decision Tree 78.2
3 18.8 (0.81, 0.62, 0.99) SVM 60.4

TABLE 8 Results for 4 clusters
Cluster No. Data (%) Centroid Algorithm Overall accuracy (%)

1 30.3 (0.13, 0.20, 0.63) Decision Tree 62.5
2 43.6 (0.31, 0.35, 0.95) Decision Tree 79.7
3 14.5 (0.60, 0.48, 0.99) SVM 63.0
4 11.6 (0.90, 0.68, 0.99) SVM 53.6

for 3 clusters as 69.8% and 69.1% for 4 clusters. If 6 or more clusters were chosen, groups started to get too sparse to
perform classification on every cluster, (as even with 5 clusters group 2 consisted of only 4.2% of the data) and accuracy
generally decreased. If more data was available, it would beworth revisiting the number of clusters to determine the
optimal range.

4.2.4 | Comparison of clustering and power binning
Up to this point clustering has been compared only to the baselinemodel, which considers all available data. Clustering
offers the opportunity to group vibration data using a variety of operating parameters, and results have shown improved
accuracy in doing so, however, it is also important to compare this approach to standard power binning practices. A
similarmethodologywas used as previously describe in Figure 2, but instead of clustering in stage 1datawas divided into
5 even bins based on power output only. Each bin was then classified individually, with results showing an improvement
to the baseline model, but not reaching the level of accuracy achieved through clustering. Results are presented in Table
9, wheremid-range operating conditions again provide the highest prediction accuracy.
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TABLE 9 Results by power binning

Bin No. Power range (%) Data in bin (%) Algorithm Overall accuracy (%)
1 0-20 18.3 Decision Tree 63.6
2 20-40 45.8 Decision Tree 68.2
3 40-60 15.8 Decision Tree 71.1
4 60-80 5.9 SVM 67.1
5 80-100 14.2 SVM 55.2

5 | CONCLUSION
Predictive maintenance strategies that use previous failures to learn and predict failure and remaining useful life of
components in different wind turbines have the potential tomake substantial savings to costs associatedwithO&M.
This research indicates that machine learning classification algorithms can be applied to specific features to successfully
predict generator bearing failure 1-2 months before occurrence with an accuracy of up 81.6%. To achieve this level
of accuracy operating conditions at the time each vibration sample was takenmust be considered independently of
classification, as accuracy falls significantly to 67%without it, as shown in the baseline model. A simple approach to
improve baseline accuracy ismanual or rule-based removal of data at extremes of the power curve, however it is difficult
to do this robustly and fairly. Binning vibration samples by power output to create groups which can be fairly compared
is standard practice, however this paper has demonstrated that k-means clustering is a more successful method by
consideringmore operating parameters prior to classification.

This work shows that the operating conditions at the time of vibration measurement can greatly influence the
ability to detect a fault, withmid-range operating conditions leading to highest accuracy when predicting remaining
useful life based on vibration analysis for this particular wind turbine and failure mode. The examples shown in Section
4 find a balance between false-positives and false-negatives, meaning that equal weight is given to either case however
from a commercial perspective it may be worth refining themodel to either minimise or maximise false-positives, which
could be further explored through cost-benefit analysis.

The two-stagemethodology described in this paper provides a scalable predictionmodel which could be applied
to a range of faults across the drivetrain. By considering different features of vibration that can effectively describe a
particular fault, whichmay also rely on different vibrationmeasurements and analysis techniques to those used in this
paper, themodel could be adapted accordingly.
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