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Abstract — Condition monitoring of wind turbines has 
become important particularly for offshore wind farms. 
However modern offshore wind turbines are operated at 
variable speed and the offshore environment is 
technically challenging,  Therefore online condition 
monitoring and relatively complex data processing 
methods are crucially needed. This paper presents some 
new methodologies and results of work to analyze both 
ten-minute standard SCADA data and medium frequency 
sampled power data for the purposes of detecting 
potential faults, particularly in the wind turbine drive 
train. The SCADA data have been de-trended or daily 
screened over time. Power data sampled at 30Hz /32Hz 
have been analyzed using Morlet wavelet transform, Fast 
Fourier Transform (FFT) and root mean square （RMS）. 
Some examples, including the detection of the potential 
generator shaft misalignment and generator bearing fault 
from the slip frequency components in a power signal, 
are discussed. 

Index Terms—Morlet wavelet transform, amplitude 
compensated Morlet wavelet, variable speed, 
pitch-regulated wind turbine, real-time condition 
monitoring, electrical power. 

I. INTRODUCTION 

Condition monitoring of large wind turbines for offshore is 
more challenging due to the variable wind loading, variable 
rotor speed and tough offshore environment. To improve the 
cost-effective performance of the condition monitoring (CM) 
offshore, simple and effective technologies should be 
considered and developed. As there already have some 
measurements available in wind energy industries, we have 
reviewed the data availability and developed some practical 
CM technologies to detect potential faults by using relative 
simple measurements in wind turbines. Figure 1 gives a 
summary of the new CM technologies described in this paper.  

The main idea of the technologies is to monitor the severity 
level of a developing fault in wind turbines by comparing the 
latter to previous calculations.  

The technologies in figure 1 have been applied to some 
standard wind turbine ten-minute SCADA data as well as 
supplementary 30Hz or 32Hz generator power data from 
doubly-fed induction generator, variable speed, 
pitch-regulated wind turbines.  

In this paper, the mainly concerned parameters of wind 
turbines are temperature, acceleration, pitch angle, yaw 
direction and electrical active power .  

Analysis of other SCADA signals from a larger number of wind 
turbines, including temperature measurements in other 
locations in the generator and gearbox as well as yaw and 
pitch measurements is included in this paper. 

 In order to clearly clarify the multi-background algorithms 
related to the new technologies, the paper will be organized 

as follows: Section II presents the wavelet background; 
Section III briefly describes the developed state-of-the-art 
technologies for condition monitoring; Section IV presents the 
algorithm and demonstrates some results; Conclusions are 
given in Section V. 

 

Figure 1. CM technology diagram 

II. WAVELT BACKGROUND 

In this paper, the continuous wavelet transform (CWT) is used 
to extract the individual vibration waveform of each 
mechanical component, with both frequency and time 
information, in the electrical power signal of a wind turbine. 
The discrete Wavelet Transform (DWT) is used as a group of 
filters to preprocess the electrical power.  

A. The continuous wavelet transform 

By definition, the wavelet transform is given in the following 
relationship [1]: 
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where ( )h t is generally called the mother wavelet,  a is the 
scaling parameter and b is the shift parameter. The shifted 

and scaled functions ( )abh t is called the daughter wavelets 

and given by: 
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As wavelet shifts along the time axis, Equation 1 can be 
rewritten using the variable t instead of b , and the variable 
τ instead of t  
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Equation 3 can also be expressed using the correlation 
operation  ⊗ and the convolution operator∗  

* *( , ) ( ) ( ) ( ) ( )s a aW a t s t h t s t h t= ⊗ = ∗ −     (4) 

The function ( )ah t is given by 

1( ) ( )a
th t h
aa

=              (5) 

In graphics mode, convolution of two signals involves 
reversing one of the signals, then shifting it and multiplying by 
another signal. Correlation only involves shifting it and 
multiplying (no reversing). Correlation measures the similarity 
between two signals. Therefore, we can use 
cross-correlations between multiple wave modes to detect 
periodic signals at specified frequency. In this concept, for 
example, the cross-correlations between Morlet wavelet with 
a specified center frequency and the electrical power of a 
wind turbine extract the periodic vibration signal of a wind 
turbine component. 

Take Morlet wavelet shown in figure 1 as an example. Morlet 
mother wavelet has the formula:  [2-3] 

2 / 2( ) cos(5 )th t e t−=                        (6) 

 

Figure 1:  Morlet mother wavelet )(th  

According to equation 2, we have the daughter wavelet 
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It is obviously that the daughter wavelet is a dilated mother 
wavelet in time domain when 1a > ; and a compressed 
mother wavelet in time domain when 1a < . 

Using Morlet wavelet transform, we can obtain a set of the 
wavelet coefficients. The set of wavelet coefficients with the 
highest amplitude is the signal that has the highest similarity 
to the analyzed signal. The obtained time information includes 
the signal shape and its broken points, and the frequency 
information provides the frequency value of the signal. The 
center frequency of the wavelet coefficients is equal to the 
frequency value of the analyzed signal.  

The principle above will be applied to the electrical power to 
monitor the mechanical components in wind turbines. If the 
amplitude of the frequency component of a mechanical 
component is generally increased under the same operation  

condition, a potential fault is properly appearing in the 
mechanical component. 

 
Figure 2 Wavelet coefficients of a single sinusoidal signal 

Next, we theoretically explain how to use the wavelet 
transform to calculate the amplitude of a sinusoidal signal.   

According to the convolution theorem that convolving two 
sequences is the same as multiplying their Fourier 
transforms, the expression of Equation 4 in angular frequency 
domain is given by[4-8] 

 )()(),( ωωω as HSaW =              (8) 

where ),( ωaWs , )(ωS and )(ωaH are the Fourier 

transforms of ),( taWs , )(ts and )(tha  respectively.  

As Morlet wavelet is symmetrical and a band-pass filter with a 
center frequency, the wavelet coefficients ),( ωaWs has the 
highest amplitude when the center frequency of the wavelet  

)(tha  is equal to the frequency of the signal )(ts , say the 

highest correlation, if )(ts is a single frequency signal. Figure 
2 shows that the wavelet coefficients of a sinusoidal signal 
has the highest amplitude at the center frequency. If the 
signal )(ts is a multi-frequency signal, the wavelet can work 
out the amplitude of the frequency component at the center 
frequency of the wavelet. 

Figure 3 is the Fourier Transform of Morlet wavelet transform 
of a single-frequency sinusoidal signal at different 
frequencies. Figure 3 is calculated from Matlab Wavelet 
Toolbox. It is obvious that the bandwidth increases with the 
increase of the center frequency (decrease of the scale) and 
the amplitude at the center frequency decreases with the 
increase of the center frequency, even though the amplitude 
of the signal at all the frequencies is fixed. To solve the 
problem, next we discuss an amplitude compensated Morlet 
wavelet. 

 

Figure 3  Fourier Transform of Morlet wavelet transform of 
some single sinusoidal signals 
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The amplitude compensated Morlet wavelet is to correct the 
amplitude error of the traditional Morlet wavelet.  

Applying the scaling theorem to Equation 5, ( )aH ω can be 

written as 

( ) ( )aH aH aω ω=              (9) 

where ( )H ω is the Fourier transforms of ( )h t . 

The Fourier Transform of Morlet wavelet in equation (6) is 
given by 

2 2( 5) / 2 ( 5) / 21( ) 2 ( )
2
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According to Equation (9), the Fourier Transform of the scaled 
version Morlet wavelet in equation (5) is thus given by: 
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Equation (11) shows that Morlet wavelet in Fourier domain is 

a band pass filter centered at frequency 5
(2 )centerf aπ=  

with a bandwidth of 1
a Hz.  

As 2f ω
π= , we replace angular frequency ω with 

frequency f .  Now the Fourier Transform of Morlet wavelet in 
frequency domain becomes  
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It can be seen from equation (12) that the frequency 
components can be estimated from the pick value of the 
wavelet, if a compensation can be made.  

Equation 12 shows that the peak value of ( )aH f  at the 

center frequency is 
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For a sinusoidal function with frequency 0f , the wavelet 
transform at the center frequency is 
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Equation (14) indicates that the amplitude of the signal can 

be calculated, i.e. 0
0

( , )
( )

2

s f fW a f
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aπ
=≈ .  Figure 4  

and 5 show the wavelet transform of a single-frequency 
sinusoidal signal at different frequencies before and after 
compensation calculation. As in Matlab, the Morlet mother 

wavelet has a constant C, i.e. 
2 / 2( ) cos(5 )th t Ce t−= , the 

amplitude is proportional to the constant C.  

The amplitude in Figure 4 is obtained by using FFT (Fast 
Fourier Transform) related maximum value estimate. Errors 
exist when the frequency resolution requirement (0.2Hz in 
figure 4) is lower than the data length. The error at 2.1, 2.3 
and 2.5 Hz is shown in Figure 4. In order to find a precise 
estimate, we adopt the RSM (Root-Mean-Square) value to 
estimate the wavelet transform of signals. Figure 5 shows the 
RMS of Morlet wavelet transform of a sinusoidal signal before 
and after compensation calculation. 

As a conclusion, we can state: Amplitudes of the frequency 
components in a signal can be estimated from its Mortlet 
wavelet transform.  This is especially important for the 
condition monitoring of wind turbines, where the disturbances 
caused by faulty turbine elements are non-stationary. The 
wavelet transform of a non-stationary signal includes the 
information of the length, the frequency values and the 
amplitude values of the disturbances. As faults get more 
serious, the amplitudes of the disturbances become higher. 
Using Morlet wavelet transform to monitor the amplitudes of 
the frequency components of turbine elements can allow an 
on-line automatic operation, which is vital to offshore wind 
turbines. 

 

Figure 4 FFT of Morlet wavelet transform of a sinusoidal 
signal before (a) and after (b) compensation calculation 

 

Figure 5 RMS of Morlet wavelet transform of a sinusoidal  

signal before (a) and after (b) compensation calculation 
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B. The discrete wavelet transform (DWT) 

Some signals, e.g. the power signal in this paper, have a high 
constant and are rich of very low frequency components.  
These frequency components might make some monitored 
low frequency components unseen in the signal's spectrum. 
Also window-leakage errors [9] affect the calculation precision. 
Therefore we need a filter to eliminate the high constant 
component and attenuate the very low frequency 
components. As Discrete Wavelet Transform (DWT) can be 
used as a multirate filter that provides computational 
efficiencies, we will use the discrete wavelet transform to 
select a subset of coefficients for special analysis. 

The Discrete Wavelet Transform is expressed as 

,( , ) ( ) ( )s j kW j k s t t dtψ
∞

−∞
= ∫           (15) 

where , ( )j k tψ is the discrete expression of the daughter 
wavelet of Equation 2. 

Defining the sampling of the wavelet transform as 
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If we take the dyadic sampling ( 0 02, 1a b= = ) to the 
daughter wavelet, we have 

,
1 2( ) ( )

22

j

j k jj

t ktψ ψ −
=             (18) 

Where j is the number of levels in the discrete wavelet 
transform. 

It can be seen that the wavelet is doubly dilated in time 
domain each time the level j is increase by 1, which means a 
half bandwidth. Figure 6 shows the mother wavelet and 
daughter wavelet in both time and frequency domain for 
different values of scale with the dyadic sampling. 

 

Figure 6.  Wavelet for different values of scale with dyadic 
sampling (a) Mother wavelet (b) Daughter wavelet 2a =  

(c) Daughter wavelet 
1
2

a =  

Figure 6 implies that DWT provides sets of filters. The 

bandwidth at 
1
2

a = is doubled than the bandwidth at 1a =  ; 

and the bandwidth at 2a =  is half of the bandwidth at the 
mother wavelet. It is obviously that more harmonics of a signal 
are included in the signal’s wavelet transform, if the scale gets 
smaller. With different scales, we can obtain a group of 
signals that have different amount of harmonics. This means 
that DWT can be considered as sets of filters that divide a 
signal frequency band into subbands. If we divide the discrete 
wavelet transform ( , )sW j k into tow parts: the high-scale (or 

low-frequency) components of the signal ( )s t  and the 
low-scale (or high-frequency) components of the signal ( )s t .  
The former is called the approximation coefficients and the 
latter is called the detail coefficients.  

The approximation coefficients of the discrete wavelet 
transform for the digital signal ( )s k at level j  is [10] 

,
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where , ( )j k nφ is the scaling function associate with the 

wavelet function , ( )j k nψ . 

The detail coefficients of the discrete wavelet transform for the 
digital signal ( )s k at level j  is  

,
0 0

1 2( ) ( ) ( ) ( )
22

j

j j k jjn n

n kD s n n s nψ ψ
∞ ∞

= =

−
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From the filter point of view, we can say that the discrete 
approximation in equation (19) is a low-pass filtering of the 
signal ( )s t and the discrete detail in equation (20) is a 
high-pass filtering of the signal ( )s t .  

 

Figure 7 five-stage discrete wavelet transform of a signal 
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For further understanding of the advantage of the discrete 
wavelet transform, we give Figure 7 that shows a five-stage 
discrete wavelet transform of a signal taken from the Matlab 
Wavelet Toolbox.  The  low frequency  signal ‘A4 ’ is extracted 
from an original signal ‘s’ at the decomposition level 4. Higher 
frequency signals (details), e.g. ‘ D ’, at different 
decomposition levels are also available from the discrete 
wavelet transform.  

III. THE DEVELOPED STATE-OF-THE-ART ON 
CONDITION MONITORING  

As the paper aims at the condition monitoring of large offshore 
variable-speed wind turbines, in which the measurement can’t 
be controlled, we will explain how the measured power data 
can be used to analyze the vibration frequency components. 
As to the ten-minute SCADA data, we will discuss the 
relationship between the turbine component temperature and 
the electrical power, and the analysis method of pitch and yaw 
systems.  

1. Extracting frequency components of vibration 
signals from electrical power 

The vibration caused by unbalanced wind turbine rotors, 
shaft, bearing, gearbox and etc can be calculated from 
electrical power signal  in wind turbines[11-27].    

A. Stator electrical power in steady-state at fix speed 

Now we discuss the relationship between the power and the 
torque in induction machines. It will be revealed that the 
torques caused by the slip pulsation, the faulty gearbox and 
blades are included in the electrical power of wind turbines. 

The mechanical power and the stator electric power output 
are computed as follows: 

m m rP T ω=                  (21) 

s em sP T ω=                  (22) 

where 

mP : Mechanical power captured by the wind turbine and 
transmitted to the rotor 

sP : Stator electrical power output 

mT : Mechanical torque applied to rotor 

emT : Electromagnetic torque applied to the rotor by the 
generator 

rω : Angular rotational speed of the generator rotor 

sω : Synchronous angular speed 

For a loss less generator the mechanical equation is: 

r
m em

dJ T T
dt
ω

= −                (23) 

where 

J : Combined rotor and wind turbine inertia coefficient 

In steady-state at fixed speed for a lossless generator  

m emT T=  and m s rP P P= + , where rP is the rotor electrical 
power output. 

From eqn. (22), we have  

 smsems TTP ωω ==             (24) 

It follows that: 
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               (25) 

Eqn. (24) indicates that the torque is proportional to the stator 
electrical power output, if the rotor speed is fixed. 

Although the wind speed is not controllable, the rotor speed is 
controlled at some range of wind speed in variable-speed 
wind turbines. In very low winds, the turbine is operated at 
nominally constant speed.  Figure 8 is a 25-minute power data 
and generator rotor speed data measured from a large wind 
turbine. The maximum relative variation of generator rotor 
speed is less than %2.0± . If we ignore the tiny variation, 
according eqn. (24), the torque frequency components on the 
generator rotor, including the pulsating torque and vibration 
torques caused by bearing, gearbox, blades and other turbine 
elements, will be included in the stator electrical power output.  

In fact, the effects of a tiny variation of rotor speed on the 
stator electrical power output is very small. This can be 
explained as below. 

Donating rω as the fixed generator rotor and rωΔ the 
variation in the generator rotor, we have 

( )m m r rP T ω ω= + Δ              (26) 

s em sP T ω=                  (27) 

 
Figure 8 Power and generator speed at low wind speed 

According to equation 23, for a lossless generator the 
mechanical equation is: 
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m em

d d dJ J
dt dt dt
T T

ω ω ω ω+ Δ Δ
= +

= −
             (28) 

It follows that: 

( )r
em m

dT T J
dt
ωΔ

= −                 (29) 

If rωΔ is very slow signal, we have emm TT ≈ and 

s m sP T ω≈                       (30) 

B. Pulsating Torque  

It is known that in a symmetrical three-phase machine, if an 
asymmetrical rotor is presented, there will be unbalanced 
rotor currents flow in the rotor windings. In the steady-state, 
the pulsating torque caused by the asymmetrical rotor can 
be written as 

2
1 2 2 1

(3 )( ) [ ]Re{[( )] }(2 )
j s ts

p r r r r
s

PT t U I U I es
ω

ω= − −  

                        (31) 

In eqn (31), 1 2,r rI I are the positive- and negative-sequence 
phasor symmetrical components of the rotor current in the 
steady-state. 1 2,r rU U are the positive- and 
negative-sequence phasor symmetrical components of the 
rotor voltages respectively. Eqn (31) shows that the 

pulsating frequency component 2 ssf , where 
π
ω
2

s
sf = , is 

produced when the rotor of an induction machine is 
asymmetrical.  

C. Blade-passing frequency 

It is known that aero-dynamical asymmetry, e.g. unbalanced 
angle of attack on blades, can cause a 1p oscillation. 
Monitoring the amplitude of this 1p oscillation can determine 
the level of severity of the asymmetry.  

If the thrust and the propulsion forces are equal on each 
blade of the symmetrical rotor, there will be a 3p-frequency 
torsional oscillation that is three times the turbine rotor 
angular frequency nω .  

2. Monitoring of variation  in temperature, pitch angle 
and yaw direction using standard wind turbine 
ten-minute SCADA data 

Research reveals that  there are statistical characteristics of 
the variation that can be used for condition monitoring of the 
mechanical components in wind turbines. Next we discuss the 
characteristics of temperature, yaw direction and pitch angle.  

A.  The relationship between component temperature 
and the electrical power in a wind turbine  

It is evident that the temperature of the generator bearing is a 
nonlinear function of electrical power in figure 8. The large 
scatters are probably related to anomalies. Figure 9 indicates 
the temperature to the electrical power lag exists in wind 
turbines.   Therefore  we developed  some   data  processing  

methods, including detrending and daily screen.  

 

Figure 8 Generator bearing temperature 

vs. turbine electrical power 

 

Figure 9. Generator bearing temperature 

Lags behind turbine electrical power 

B.  Mechanism of controlled pitch angle and yaw direction 

In the link motion of the Z-axis, the yaw direction  follows the 
wind direction. Large scatters away from the zero degree are 
probably related to anomalies. 

On a pitch controlled wind turbine, the angle of the blades is 
actively adjusted by a machine control system. The angle 
versus the wind speed, for wind speeds above normal, is 
approximately linear relations. Therefore large scatters away 
from the trend line are probably related to anomalies. 

The detrended pitch angle renPdet can be  

fitmren PPP −=det                  (32) 

mP ： Measured 10-minute average pitch angle 

fitP : Fitting curve from measured wind speed and pitch angle 

IV. ALGORITHM AND RESULTS   

In this section, we first describe the developed technologies 
and then demonstrate some results. 

For the analysis of standard wind turbine ten-minute SCADA 
data , the data have firstly been corrected for the effect of  
ambient temperature changes and considered as a function of 
power afterwards. In order to detect potential fault modes,  the 
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 SCADA data are either de-trended or daily screened in 
consecutive time units. These data have then been compared 
with generator power output during a ‘training’ period of a few 
months and the resulting trend as a function of power 
subtracted from subsequent values in the method of 
detrending. The method of daily screen is to calculate daily 
maximum variations under the condition that the concerned 
parameter, e.g. bearing temperature, is nearly a constant 
regarding to the electrical power in a wind turbine.  
 
For the analysis of 30Hz of 32Hz electrical active power data, 
the torque frequency components of different mechanical 
assemblies in the generator power signal are monitored by 
calculating the magnitudes at the centre frequency or the root 
mean square (RMS)  of their Morlet wavelet coefficients. 
Figure 10 is an algorithm diagram using the wavelet transform 
and RMS method. A screen wind is needed as a 
pre-processor to ensure a nearly constant generator speed 
and low power that acts as a low noise background regarding 
to the signal from a faulty mechanical component.   

 

Figure 10 Algorithm diagram 

To illustrate the effectiveness of the developed technologies, 
an application of detecting generator shaft misalignment and 
bearing failure in two  types of large turbines is presented in 
figure 11 to 13. Results show that the daily screened 
acceleration, temperature and the power wavelet reflect the 
effects of the faults. For comparison, other related information 
and the results from Pruftechnik is also included in figure 12. 
Figure 14 is an application of the detrending method to 
10-minute yaw direction data of a wind turbine in the UK.   

 

Figure 11: Maximum daily amplitude of the Fourier 
transformed wavelet filtered GE 1.5S wind turbine power 

output within the frequency range 2.5 and 3.0Hz. 

For GE turbine in figure 11, a 5-second data window is 
selected with the following limits: Rotor speed: 12~12.5 rpm  

and Active Power: 20~40Kw. The slip frequency 2.167~3.7 
Hz is calculated from operator’s information. 

For Nordex turbine in figure 12, a 5-second data window is 
selected with the following limits: Generator speed: 785 ~ 
795rpm and active power: 0~55Kw. The slip frequency is 

 7.17~6.831000/60785)/1000]-2[(10002 =×=ssf Hz.  

 

Figure 12 : Maximum daily RMS of one of the wavelet 
filtered Nordex N80 wind turbine power outputs within the 
frequency range 6.5 ~7.5Hz, comparing to the vibration, 

acceleration and temperature results. 

 

Figure 13 Detrended generator bearing temperature in 
Nordex N80 wind turbine 

 
Figure 14. Detrended wind turbine yaw direction  

Figure 11 ~12 indicate that the vibration caused by generator 
misalignment , bearing  and other problems can be detected 
by its related frequency components in the generator power 
and can be used as an indication of a potential failure in a 
wind turbine. Figure 13 reveals that 10-minute acceleration, 
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temperature and yaw direction analysis can provide an online 
diagnosis of faulty components in a wind turbine.  
The results from figure 11 to 14 are automatically calculated 
using the developed state-of-the-art in Section II.  Computer 
programs are designed to meet the needs of automatic data 
operation, data preprocessing, signal processing, 
demonstration and storage of processed data, and etc. 

V. CONCLUSION 

This paper has presented some new methodologies and the 
results of research work to analyze standard wind turbine 
ten-minute SCADA data as well as supplementary 30Hz/32Hz 
generator power data. The results show evidence that these 
technologies are practical, effective and applicable to the 
online automatic condition monitoring of offshore wind 
turbines. The wavelet transform related methodology can be 
simply applied to electrical power to monitor the vibration level 
caused by misalignment, bearing and other problems. It can 
be used as a  general sign or indication of an unhealthy wind 
turbine, especially the time length of the change from normal 
function to a serious malfunction. The trending and daily 
screen methods for ten-minute SCADA data  are useful for an 
on-line diagnosis to locate fault wind turbine components.  
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