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Abstract: Condition monitoring has been used extensively in the power industry to monitor the 
performance of conventional power generators. Such generators are frequently run for long 
periods at constant loading and spotting changes due to potential failure modes is relatively 
straightforward using standard signal processing techniques. The application of condition 
monitoring to wind turbines is relatively new and relies on the setting of relatively crude alarm 
levels above which a shut-down may be instigated with little information about the failure mode 
or possible time to failure with sufficient warning. The variable speed operation of many modern 
wind turbines represents both a challenge and an opportunity to the application of an ‘intelligent’ 
condition monitoring system. On the one hand a variable loading means that it can be difficult to 
spot a potential failure mode within a frequency spectrum. On the  other hand, a variable load can 
excite a range of modes within a wind turbine and potentially elucidate significant information 
about the health of the turbine. The need for effective condition monitoring with more precise 
information about a particular failure mode and accurate prediction of mean time to failure 
becomes ever more acute within the offshore environment. In this paper, the authors present a 
new method that utilises the advantages of both fast fourier transforms (FFTs) and wavelets and 
illustrate their  application to the detection of a generator bearing fault in a 1.5MW pitch-
regulated variable speed wind turbine.

 

1 Introduction 
Due to their location, offshore wind farms inevitable incur increased operation and maintenance costs compared with 
wind farms onshore. Indeed, it has been estimated that operations and maintenance could contribute 30% of the total 
energy costs for offshore wind farms [1]. These costs must be reduced in order to increase the economic 
competitiveness of offshore wind power. At present, research into early failure detection and diagnosis of wind 
turbines (and wind farms) has become an important area. However, the techniques for condition monitoring are rather 
new in wind power engineering and the added value for wind farm operators has not yet been demonstrated. 
Condition monitoring of offshore wind turbines is not an area which is yet fully established. Therefore, research work 
in this area is vital if pro-active condition monitoring of offshore wind farms is to become a reality. To help further 
this field of research, this paper describes a technique for diagnostic condition monitoring of offshore wind turbines 
using the power signal from a 1.5MW pitch-regulated variable speed wind turbine as part of an ongoing EU-funded 
project ‘Condition Monitoring of Offshore Wind Turbines (CONMOW)’. 
 
The method described in the paper is based on the spectral analysis of the power output of a wind turbine, which 
employs both wavelets and fast fourier transforms (FFTs) to analyse a potentially complex signal.  
 
The output from a wind turbine generator is generally more complex than that of a conventional generator due to the 
continually varying driving torque from turbulent When turbines are place out in the field, particularly offshore, it is 
difficult to simulate ideal test conditions. Also, since the wind speed varies in time, the speed of the turbine rotor and 
the generator rotor also vary in time, changing the vibration frequencies of some components and producing large 
fluctuations in the power output. This means that  the signals generated by potential faults in the turbines tend to be 
non-stationary. 
 
Wavelets are useful for providing frequency and time information about a non-stationary signal, but precisely 
identifying the amplitude of the frequency component in time is more problematic. On the other hand, FFTs are 
difficult to apply in non-stationary situations but do give a clearly defined amplitude for a frequency component in a 
stationary signal. We have chosen to combine the benefits of both to find the signal amplitude and phase spectrum of 
a non-stationary signal. In fact, if the time range of certain signals in a non-stationary time series is identified by 
wavelet analysis, the amplitude and phase spectrum of the identified signals can be obtained by FFT of that certain 
time range. It is shown that the Morlet Wavelet transform of a signal extracts the required information. An algorithm 
describing how to extract the harmonic spectrum information is also described in the paper. 
 
The method proposed is then demonstrated in the identification of a generator bearing fault that developed in a 
1.5MW wind turbine. 
 

 



2 Amplitude and phase spectrum calculation 

First, assume that a continuous signal can be described in time t by a Fourier series given by: )(tx
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Which consists of N-1 multiples of the angular frequency ω where an and bn are the amplitudes of each frequency 
component. For convenience, as we are more interested in the amplitude and phase information of the signal, we 
rewrite the above equation using the amplitude component and phase component nA nϕ : 
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Where: 
 

nnn Aa ϕsin=           (3a) 

nnn Ab ϕcos=           (4b) 
 
The amplitude component and phase component nA nϕ can be obtain from Eq. 4 thus: 
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To find the amplitude component and phase component nA nϕ , we use the Discrete Fourier Transform (DFT). Let 

denote the discretised version of the continuous time signal . The DFT of is given in terms of wave 
number k by: 
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The inverse DFT that recovers the signal from its spectrum is given by: 
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Assume the continuous signal x(t) has been converted with sampling frequency  to the discrete signal x[n] without 

aliasing. The statement  in Matlab gives a series of spectral coefficients  in terms of real parts 
and imaginary parts [
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The amplitude component and phase component are given by: 
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where πϕ ≤≤ )k(0 . 

The frequency of other harmonics is given by , kfkf =)( 2...4,3,2 Nk = . 

The program for the calculation of signal amplitude and phase spectrum has been designed using Matlab to crate an 
algorithm that is used to detect failure harmonics. 

3 Fourier transforms of continuous wavelets 
A Fourier transform quantitatively describes the harmonic components of a signal, while wavelet analysis 
distinguishes components through an image map. The Fourier transform has been widely used in signal processing 
and up until now has been more acceptable than the inexplicit wavelet image method. However, the FFT is not to 
easy to use in the case of non-stationary signals. On the contrary, wavelet analysis can extract information from no-
stationary signals in both the frequency and time domains, but the amplitude spectrum of the signal is not well 
defined. The question then arises as to whether there is a method that can accurately detect the amplitudes of the 
harmonics of a non-stationary signal. To answer this question, we use a Morlet wavelet as an example in this section. 
 
It is well known that the convolution of two sequences is equal to the product of those sequences in Fourier space. As 
the amplitude spectrum of a Morlet wavelet has a peak at its central frequency, the peak value of the amplitude 
spectrum of Morlet wavelet coefficients (resulting from a the continuous wavelet transform) can be used to find the 
harmonics amplitude of the signal that is convolved with the Morlet wavelet. Next we give the proof of this 
statement. 
 
The wavelet transform of a signal s(t) is donated by given by: ),( baWs
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The superscript * in Eq. 9 refers to the complex conjugate. Wavelet )(tψ is in general called the mother wavelet 
which can be transformed by scaling using the value a and time shifting using the value b. and its Fourier transform 
is )(ωψ . 
 
Rewriting Eq. 9 using the variable  instead of b and the variable t τ instead of t , we have: 

∫
∞

∞−

−= ττψτ d
a

ts
a

taWs )()(1),( *        (10) 

 

Eq. 10 is the convolution of the signal with the time reversed wavelet )(ts )(1
a
t

a
−ψ given by [3]: 
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The function )(taψ is given by 
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The Fourier transform of the mother wavelet )(taψ can be derived as follows: 
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According to convolution theorem, the Fourier transform of is [),( taWs 4]: 
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Now we take the Morlet wavelet as an example. The Morlet mother wavelet is [5]: 
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The Fourier Transform is then given by: 
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The scaled Morlet wavelet function is: 
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According to Eq. 13, the Fourier Transform of the scaled Morlet wavelet is: 
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The ratio of the peak value to the factor a is nearly a constant given by 

πωψ
2}

)(
max{ ≈

a
a                       (19) 

By combining Eq. 14 and Eq. 18, we obtain the Fourier transform of as: ),( taWs
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The top plot in Figure 1 shows the ratio of the spectrum of the Morlet wavelet to the factor a at central 
frequencies 2.5, 2.6, 2.7, 2.8, 2.9 and 3Hz. The middle plot in Figure 1 shows the amplitude spectrum of sinusoidal 
signals at these central frequencies obtained by an FFT. The bottom plot in Figure 1 shows the ratio of the Fourier 

Transform of to the factor),( taWs a . It is evident from Figure 1 that the amplitude spectrum of a signal can be 

obtained from the peak amplitude spectrum of its wavelet coefficients, i.e. )},(max{ ωaWs . 

 



 
Figure 1: Top=the ratio of the spectrum of the Morlet wavelet to the factor a at central frequencies 2.5, 2.6, 
2.7, 2.8, 2.9 and 3Hz; Middle=the amplitude spectrum of sinusoidal signals at the central frequencies obtained 

by an FFT; Bottom=the ratio of the Fourier Transform of to the factor),( taWs a . 

4 Identification of frequency components from stationary signals from f wind turbines 
The signals from variable speed wind turbines are complex due to the varying wind speed and the response of the 
controller. For example, many of the frequency components that indicate faults in the generator are related to the rotor 
speed, which is related to the variable speed wind. Therefore, the frequencies related to the faults are variable, which 
makes fault detection more difficult [6, 7]. Figure 2 shows a typical set-point controller to optimise the tip speed ratio 
for a variable speed wind turbine [8]. It can be seen that by selecting a narrow band of rotor speed, this corresponds to 
a narrow band of power. The generator signal input is the low-pass – filtered generator rotor speed in rpm, which is 
controlled according to the wind speed.  By the use of a look-up table, the power and the rotor speed have an 
approximately linear relationship between the set-points. As the controlled low-pass – filtered generator rotor speed 
varies very slowly, the resulting vibration harmonics from the impacts of damaged elements can be detected from the 
power signal [9]. Figure 3 shows the the instantaneous power vs. rotor speed curve obtained from a the 1.5MW 
variable speed wind turbine used in this study. It can be seen that the relationship follows a series a series of set-points 
similar to Figure 2 though there is significant scatter as the data have not been filtered using a low-pass filter at this 
stage. 
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Figure 2: A typical series of set-points for the controller of a 2MW variable speed wind turbine. 

 



 
Figure 3: The instantaneous measured power (kW) against rotor speed (rpm) relationship for the 1.5MW 
variable speed wind turbine in this study. 
 
For failure analysis of variable speed wind turbines, one possible method is to choose the a time period when the rotor 
speed and power vary in a specified  range, for example, the low-pass-filtered rotor speed around 12rpm and power 
around 230kW. Figure 4 (a) the power signal, and (b) the related rotor speed signal measured over the period of a day 
on the 1.5M wind turbine used in this study. 

 
   (a) 

 
   (b) 
Figure 4: Variation over a day in the power output (a) and rotor speed (b) of the 1.5MW variable speed wind 
turbine used in this study. 
 
Figure 5 shows the Morlet wavelet transform of a fifteen-second power signal from the 1.5MW wind turbine, with the 
low-pass-filtered rotor speed around 12rpm and power around 20-40kW. Its central frequency is 2.89 Hz. It is evident 
that the wavelet transform produces a time-frequency representation (TFR) of non-stationary signals. As mentioned 
above, a Fourier transform can more accurately determine the amplitude of the harmonic components and so we use 
the Fourier transform to find the peak amplitude spectrum of the wavelet coefficients during the given time period and 
hence obtain the amplitude spectrum of the power signal at a central frequency where the power signal may show 
mechanical faults. The analysis in Section 3 has indicated that the signal harmonic components can be obtained from 
the central frequency component of the Morlet wavelet transform, calculated by an FFT. 

 



  
Figure 5: The Morlet wavelet transform of a fifteen-second power signal from the 1.5MW turbine, 
with the low-pass-filtered rotor speed around 12rpm and power around 20-40kW. 
 

5 Example of fault detection of a wind turbine generator 
During the running of AC machines, one problem is excessive noise and vibrations, which can be caused by various 
magnetic and electrical asymmetries (eccentricity, short–circuited stator or rotor coils, etc), bearing faults, loose stator 
laminations, etc. The signals such as speed, torque, vibration and power can be analysed in order to calculate the 
frequency component of different types of faults [10, 11]. 
 
In this section, we use the electrical power data from the 1.5MW wind turbine to verify the method proposed in this 
paper. Two faults were known to have occurred within the period of monitoring over a year. Software was developed 
to handle the large data set sampled at 30Hz, including data loading operation from binary format to Matlab data 
format, data limiting for setting the data range of interest, discrete Wavelet transform (DWT) digital filter to get the 
fault related details and Fourier transforms of wavelets transform to get a quantitative description of the harmonics. 
The algorithm is shown schematically in Figure 6 whereby the power signal from the wind turbine is firstly selected 
for a narrow range by sub-setting on the filtered rotor speed. This sub-set of values is then wavelet transformed using 
a Morlet wavelet and the resulting transformed data is then transformed again using a Fourier transform.. Figure 7 is 
the final result showing the maximum amplitude of the Fourier transformed frequency components in the range 2.5 to 
3.5 Hz taken from a large data set sampled at 30 Hz. 
 
Two failures between August 2003 to June 2004 are indicated in Figure 7, namely rotor misalignment and bearing 
failure. It is evident that, in general, the amplitudes of the harmonics in the frequency range of 2.5-3.0Hz are much 
higher before the repair of damaged components than after the repairs. It is suggested that these harmonic components 
are due to an asymmetrical rotor of the induction machine caused by bearing failure and misalignment. We suggest 
this as when the rotor of an induction machine is asymmetrical, the vibration will contain a twice slip frequency 
sideband (2sf) on the shaft frequency fs. For the rotor speed range selected for this analysis, the predicted slip 
modulation would be within the range 2.2 to 3.0Hz which is consistent with our results. 
 
The result shows the amplitude of the harmonics would seem to indicate early stage of failures, around two months 
before the final failure and shows that the method described based on a Fourier transform of a wavelet transform can 
be effective in detecting this failure. 
 

 



 
Figure 6: Schematic representation of the algorithm consisting of a wavelet transform of the filtered power 
data followed by a Fourier transform. 
 

 
Figure 7: The maximum amplitude of the Fourier transformed frequency components in the range 2.5 to 3.5 
Hz taken from a large data set sampled at 30 Hz. 
 

6 Conclusions 
The new method described in this paper based on the Fourier transform of a Wavelet transform has some advantages 
over other methods used for fault diagnosis of electro-mechanical devices, because this method provides not only the 
time and frequency information, but also the amplitude and phase information of non-stationary signals. 
 
The paper has described an algorithm indicating the time and frequency information flow and demonstrated the 
application of a hybrid method for condition monitoring of a wind turbine generator. Wind turbines include many 
components, so different harmonic components may suggest different types of faults. The paper suggests that the 
Fourier analysis of wavelet coefficients according to specific frequency ranges, which are related to specific types of 
faults, could be important for failure detection. Furthermore, because it can be effective to observe the changes of 
vibration amplitude in specific frequency ranges to detect the existence of wind turbine faults, the vibration amplitude 
information in the range of 2.5~3.0Hz is presented in Figure 7, to demonstrate the detection of a specific fault namely 
rotor misalignent through bearing failure. 

 



 
Finally, we have presented a relatively simple method which can be coded with appropriate software using well 
established transforms and can be used automatically for machine fault detection. In this study we have shown that we 
can detect relative levels of damage. The challenge which remains is to relate the magnitude of the signature 
frequency components to absolute levels of damage. 
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