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Abstract. Wind turbines are operating in varying conditions. Therefore, the recorded signal is
highly nonstationary. The typical approach for damage detection in long term data is based on the
energy and spectral analysis. This method, suffer for several drawbacks, especially for the signals
with high contamination. Thus, the alternative approach is the application of statistical parameters
that may indicate the damage. In order to indicate the frequency band corresponding to the damage
the proper statistics are used. In this paper, the well know spectral kurtosis and another statistic
are applied to the long-term vibration data from wind turbine. Their performance is compared with
the standard energy based methods. It is showed that selectors are able to track the damage
development and distinguish between healthy and unhealthy case.

Keywords: vibration analysis, damage detection, rolling element bearings, optimal frequency
band selection.

1.1. Introduction

The vibration based condition monitoring plays a key role in maintenance of the machines.
Therefore, it is expected to design the robust methods for damage detection at early stage and
monitoring of change of condition until replacement/repair economically efficient. It was proven
that analysis of the vibration signal can inform the user about the damage in rotating machines.
However, there are just a few reports or studies for long term data monitoring (mostly for wind
turbines). In this paper, the long term signal from the wind turbine is investigated. Wind turbines
are recognised as time-varying systems [1, 2]. Indeed, vibrations from these are highly
nonstationary and condition monitoring is extremely difficult [3]. Non-stationarity of operating
condition is typical for many mechanical systems (helicopters, automotive industry, mining
machines, etc.). It was proved that for such machines the load of the operation has to be taken into
account [4]. In this paper, data presented and used for long term monitoring are pre-selected. We
use segments of signals with approximately similar loading conditions. The typical approach is
based on tracking the signal energy (e.g. RMS, p2p, energy of signal or energy in specific bands,
etc.). More advanced approaches based on spectral analysis (spectrum, envelope spectrum). The
resonance demodulation was successfully applied to inspection of rolling elements bearings [5]
and gear tooth cracks [6]. However, such methods suffer for several drawbacks. Indeed, it is highly
difficult to set threshold which properly determines the most suitable time for the repair. Such
threshold should be defined for each type of machine, for each component, separately. Usually it
is selected experimentally, without any deep theoretical studies. Alternative approach might be
based on statistical parameters, which properties are well defined. The most prominent example
of such parameter might be kurtosis. Certainly, kurtosis applied to raw, or filtered signal is often
used as indicator of localised damage. More advanced application is related to estimation of so
called spectral kurtosis (SK), i.e. distribution of kurtosis along frequency. At this point, SK was
used to identify frequency band with impulsive behaviour [7, 8]. Furthermore, in [9] the
performance of SK for detection of tooth crack in the planetary gear of wind turbine was tested.
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The filtering procedure based on SK for denosing the signal was proposed in [10]. However, in
case of many real complex data the SK is not a sufficient. Therefore, many novel methods were
introduced in the literature. The extension of SK was described in [11]. Furthermore, in [12] many
different selectors were proposed. It was proved that they can outperform the SK in local damage
detection. It is worth mentioning that, the probability distribution (i.e. stable and tempered stable)
can be applied for the indication of the fault in the rotating machines [13, 14].

In this paper, the statistical parameters are applied to detect and monitor frequency band, which
contain information about the fault. It is going to be proved that information about optimal
frequency band (OFB) might be diagnostic feature. Furthermore, it is showed that informative
frequency band is wider and “more clear” in sense of amplitude of proposed indicators for growing
fault. The kurtosis is applied and its benefit and drawback are highlighted, next recently proposed
OFB indicator (novel selector to select OFB) is used and compared to energy and kurtosis based
approaches. It is believed that the analysis performed for the wind turbine can be expanded for the
roadheader, kind of mining machine used for underground tunnelling. The signals recorded on
such machine contain many different components, which extraction is challenging [15].
Moreover, due to the operating in harsh condition the level of the noise is extremely high and
signal is contaminated. Therefore, it could be beneficial to apply the statistical approach.

2. Methodology

The proposed methodology is based on the vibration signal analysis. This approach is powerful
in detection of local damages in rotating machinery. It is expected that signal recorded on the
healthy machine would be similar to the Gaussian noise. Therefore, for constant load it should be
stationary. On the other hand, in case of faulty machine the recorded signal is going to be
nonstationary. Indeed, the cyclic impulses should be detected in the signal. Furthermore, it is
expected that the damage can influence the energy of the signal. Therefore, the typical approach
for analysis of long term data is based on the envelope spectrum. It is a perfect tool for tracking
the changes in the energy. However, the main drawback is that signal energy depends on the type
of the machine and the working condition. Indeed, for the machine operating in harsh condition
the amplitude of the noise can be high, which influences high energy. Therefore, it is difficult to
set threshold which properly determines the most suitable time for the repair. In this case the
threshold has to be designed for each operating load, machine and type of the load separately.

In order to overcome this problem, the signal statistics can be applied in order to indicate the
impulsive behavior related to damage. There is enormous variety of methods, which can be used.
One of the most common approach for damage detection in rotating machines is the optimal
frequency band selection. In the first step, the signal is transformed to the time frequency domain.
In order to this the Short Time Fourier Transform (STFT) is calculated:

L-1
STFT(n, k) = Z x[n + mlw[m]eJ2Tkm/N, (D

m=0

for 0 < k < N — 1, and w[.] is the window of length L. The spectrogram is the absolute value of
STFT. OFB selection is based on the indication of the carrier frequency bands in which the
information about the fault is contained. Then such statistic can be applied to design the filter
characteristic. Finally, the filtered signal contains component with the fault. The most typical way
to determine OFB is spectral kurtosis (SK), which is the basic selector. According to the algorithm
for each frequency band in STFT the kurtosis is calculated. The SK(f), for given frequency bin
f, has following formula:

Ko ISTFT( I
5, ITFT(n, )2

SK(f) = 2, @)

© JVE INTERNATIONAL LTD. VIBROENGINEERING PROCEDIA. SEP 2017, VOL. 13. ISSN 2345-0533 97



LONG TERM VIBRATION DATA ANALYSIS FROM WIND TURBINE -STATISTICAL VS ENERGY BASED FEATURES.
ADRIAN IGNASIAK, NORBERT GOMOLLA, PIOTR KRUCZEK, AGNIESZKA WYLOMANSKA, RADOSEAW ZIMROZ

where K is number of windows in STFT. Therefore, for the Gaussian stationary noise the value
of the SK should be equal to 0. In case of nonstationary signal with impulses, SK should be
significantly higher than 0. In many signals SK is satisfactory in damage detection. However, it is
showed that in some cases SK can be sensitive to artefacts, which occur for various types of mining
machines [10] and also can be found in wind turbine. Therefore, another selector of OFB are
proposed. In this paper, the performance of one of them is tested. It is proposed to use the selector
based on the quantile-quantile plot (QQplot). It measures the distance between the empirical
quantiles from the STFT subsignals and the quantiles of standard Gaussian distribution. In this
case it is reasonable to measure the distance between empirical and Gaussian distribution. The
time series from spectrogram related to OFB exhibits impulsive behavior, that causes its
distribution is obvious not Gaussian. The measured distance from Gaussian distribution is higher
than for time series not related to OFB. The QQplot selector H is defined as:

Houm(f) = i o (5

where ¢p~1 is the inverse of cumulative distribution function of standard normal distribution,
S(n,f) is the n -th value of ascending sorted subsignal from |STFT(n,f)| for all n,
a = (¢1(0.75) — ¢~1(0.25))/(q(f,0.75) — q(f,0.25)) , b = ¢~1(0.75) — aq(f,0.75) and
q(f,p) is p-th order quantile from subsignal |STFT (n, f)|. Therefore, the statistic is sum of the
distance between quantiles. In case of the Gaussian noise the QQplot selector should be close to
0. Once the signal is significantly different than noise (i.e. it contains some impulses) it is going
to be higher.

)ascnf) - b| 3)

3. Application to real data

In this paper, the vibration signal recorded on the wind turbine is analysed. The sampling
frequency is equal to 25 kHz and each signal has length of 3 seconds. In the analysis 18 different
measurements were taken into consideration. The time horizon is five months. During this period
the damage of the bearing revealed and this part was replaced. The main goal of the paper is to
test the performance of statistical approach for damage detection in case of long term vibration
data. Thus, the selectors (SK and QQplot) are going to be calculated for each measurement.
Finally, they are going to be presented in the heat map. It is expected that statistic should increase
with respect to damage development. Therefore, the data for healthy and unhealthy machine is
analysed. Signals are presented in Fig. 1.

One can observe that the replacement was done for day 0. The amplitude before the repair was
significantly higher. In the first step, the signal is transformed to the time frequency domain. In
Fig. 2 the spectrograms for each measurement are presented.

One can observe that the spectrograms are significantly different for each signal. In case of the
spectrogram from 4 days before replacement cyclic excitation for carrier frequency reveals around
5 kHz. After the replacement of the bearing the energy for frequency band close to 5 kHz is
significantly lower than before. The standard energy approach is based on the analysis of the signal
envelope spectrum. It is expected that for the damaged bearing vibration data it should have higher
energy. In Fig. 3 the envelope spectrums for each measurement are presented. Indeed, the highest
values are observed for the signal before the replacement. Immediately, after the new bearing was
used the values of envelope spectrum decreased.
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Fig. 1. The raw vibration signals recorded on the wind turbine
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Fig. 2. Spectrograms for the vibration signal. The window size is equal to 1024,
overlap is 0.9 and Fourier transform is calculated in 2048 points

400

10" -88 days L 10° T8 days. . 1o" 65 days 1ot -54 days 10" 42 days 1ot -35 days
6 6 6 6 6
© ® ° @ @
E E ] E
24 24 24 24 24
a a a a a
2 2 5 2 2
<2 <2 <2 <2 <2
yorm P o bbbl KT kit a obadasdiid
0 200 400 0 200 400 0 200 400 o 200 400 0 200 400 0 200
Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz]
. 10* 34 days L 10° 21 days. 10¢ 10 days Lot 4days . joreplacement 1ot 4days
6 6 6 6 6
g g e g g
24 24 Ex Za 2.
a a - a a
£ £ \ g2 l £ £
22 2 <2 l 1 l 2 2
FRRTRAN B TP TR PR R T R AN NI .
0 200 400 0 200 400 0 200 400 o 200 400 0 200 400 0 200
Frequency [He] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz]
1o¢ 12 days L 1o¢ 24days _10¢ 32days _ 10¢ 48days 104 49 days _10¢ 61days
6 6 B 6 6 6
o ® ® © © ®
K] 8 E K] 8 E
24 24 24 24 24 24
=3 =1 a = 3 a
£ £ £ £ £ £
< 2 <2 <2 < 2 2 <2
0 0
0 200 400 0 400 0 200 400 200 400 200 400 0 200
Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz] Frequency [Hz]

Fig. 3. Envelope spectrum for the vibration signal

400

In the next step, the spectral kurtosis for each signal is computed (Fig. 4). Clearly, the highest
value is obtained for 12 days after replacement, when the bearing had already been replaced.
Therefore, the indication of SK is not correct. The values for all measurements are quite
comparable and it is difficult to distinguish the healthy and unhealthy case.

Furthermore, it cannot be observed the development of the damage using SK. According to
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SK map (Fig. 5) the kurtosis is not increasing with respect to time.

Once the typical selector failed it is reasonable to test the more robust one. Therefore, the
QQplot selector was applied to the data. The results are illustrated in Fig. 6. It can be observed
that the selectors properly indicate the OFB (around 5 kHz). Moreover, the value of the statistic
is increasing with respect to time and after the replacement it is almost flat.

In Fig. 7 the QQplot heat map is presented.
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Fig. 4. Spectral kurtosis for the vibration signal
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Fig. 5. Kurtosis map for the vibration signal
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Fig. 6. QQplot for the vibration signal
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Fig. 7. QQplot map for the vibration signal
4. Conclusions

The paper is focused on the analysis of the long-term vibration data from the wind turbine.
The investigated machine had the damaged bearing which was replaced in the analysed period. It
is showed that the statistical approach can inform the user about the damage development. One
can observe that, both energy and statistical method indicate the unhealthy machine. However, the
usage of statistics has some advantages. Indeed, in case of the envelope spectrum it is challenging
to properly set the threshold in order to indicate the damage. The energy of the signal depends on
the machine and the operating load. On the other hand, statistics do not suffer for such drawback.
Once the values are significantly higher than 0, the signal is not-stationary. Therefore, the recorded
data contain some information about the fault. This preliminary study shows that statistical
approach can be applied in long term analysis. In the future, it is planned to test the performance
of another selectors. Finally, it is planned to design the procedure for decision when is the most
suitable time for the repair. Furthermore, the applicability of similar procedures for the vibration
signal from road header is going to be tested. Similarly, to wind turbine, the road header is
operating in time varying conditions. It is expected that the statistical approach is more reasonable
for condition monitoring of such machines.
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