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The Future of Wind Turbine 
Diagnostics

Wind energy is undergoing expansion, and 
it is bound to grow to a commercial/consumer lev-
el in the decades to come. This growth has materi-
alized in the form of large-scale wind farms, wind 
energy cooperatives, wind turbines owned by indi-
vidual investors, and multinational exploration of 
remote sites and offshore locations. Despite the in-
creasing rated capacity of wind turbines, operation 
and maintenance (O&M) costs remain high due to 
failures of wind turbine components such as gear-
boxes and blades. To make matters worse, in spite 
of several drawbacks associated with current/tradi-
tional maintenance practices, almost all industries 
are still following them. Thus, there is a great need 
to educate managers of such firms about the eco-
nomic justification of performance monitoring in 

the wind industry, which is currently characterized 
by high maintenance costs. 

The SCADA system installed at each wind tur-
bine contains information about various turbine 
parameters, including all kinds of errors encoun-
tered by the system. Knowledge of wind turbine pa-
rameters and their impact on turbine components 
can be used in planning cost-effective maintenance 
activities [1-3]. Currently, with the availability and 
use of SCADA data, and hence the accessibility of 
a vast amount of historical data, the first step of 
cost-effective maintenance—e.g., the knowledge 
of past parameters of wind turbines—is relatively 
easy. By extracting the knowledge from this data, 
money can be saved by predicting and evaluating 
the faults of turbines and correctly maintaining the 

As wind turbines increase in size, and 
their operating conditions become more 
extreme, a number of current and future 
tribological challenges exist.

By Andrew Kusiak, Ph.D., and Anoop Verma

Andrew Kusiak, Ph.D., and Anoop Verma are with the Department of Mechanical and Industrial En-
gineering at The University of Iowa. Kusiak can be reached at andrew-kusiak@uiowa.edu. Also go 
online to www.mie.engineering.uiowa.edu.



   windsystemsmag.com      67    

system without performing a manual inspection of 
each turbine. 

Turbine Characteristics
A wind turbine includes assemblies, systems, and 
components that may fail [4]. A component failure 
usually develops in stages over a period of time (fig. 
1). Performance of turbine components can be de-
termined by examining changes in turbine param-
eter values, reported as status codes. For a typical 
large-scale turbine (e.g., 1.5 MW, 2.5 MW) over 400 
different status codes can be generated. A status 
indicates a potential emerging fault. Pitch malfunc-
tion, blade angle asymmetry, and pitch thyristor 
faults are typical statuses generated by a wind tur-
bine. Depending on the severity of the problem, sta-
tus codes are divided into four categories: category 
1 is the most severe, and category 4 usually repre-
sents an inconsequential event (fig. 2). The sequen-
tial occurrence of category 1 through category 3 
statuses may represent a fault in the component. An 
illustration of some of the statuses vis-à-vis turbine 
components is shown in fig. 3. On average more 
than 4 status codes can be generated for specific 
components, and therefore finding a relationship 
between such statuses will be helpful for monitor-
ing purposes. 

Pattern Identification
There are various ways historical data can be used 
to monitor the performance of wind turbines. Data 
mining provides an easy yet robust approach to 
performance monitoring. In this article data-min-
ing techniques are discussed in order to find use-
ful information/patterns from turbine data. In one 
experiment historical data of 100 turbines over a 
period of one year (Jan.-Dec. 2008) is used to iden-
tify the status patterns. The histograms of statuses 
in category 1 through category 4 for 100 turbines 
are presented in fig. 4. The yearly data is converted 
into a 10-second time period, and any status codes 
recorded within 60 seconds are considered as the 
possible status pattern. The category of the status 

Fig. 1: A typical com-
ponent degradation 
curve can be approxi-
mated in steps. 
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pattern considers only relevant status patterns 
(e.g., categories 1-3). A sample illustration is given 
in fig. 5. Statuses recorded at the same time (e.g., 

274, 275, 276) correspond to the same component, 
whereas statuses recorded within a maximum al-
lowable time delay (e.g., 343, 344) can be related 

Fig. 2: Example status descriptions of four categories. 
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No. Conf. % Condition (a) Prediction (c) η(a) η(c) η(aUc) 

1 100  Pitch malfunction 2 or 3 blades=>  Blade angle not plausible axis 3 75 117 75

2 100  Line CCU collective faults=>  Turbine stopped due to calm 43 43 43

3 100  Turbine stopped due to calm=>  Line CCU collective faults 43 43 43

4 100  Blade angle not plausible axis 2=>  Blade angle not plausible axis 1, Blade 
angle not plausible axis 3 

42 42 42

5 100  Blade angle not plausible axis 2, Blade angle 
not plausible axis 3=> 

 Blade angle not plausible axis 1 42 42 42

6 100  Blade angle not plausible axis 1, Blade angle 
not plausible axis 3=> 

 Blade angle not plausible axis 2 42 42 42

7 100  Blade angle not plausible axis 2=>  Blade angle not plausible axis 1 42 42 42

8 100  Blade angle not plausible axis 1=>  Blade angle not plausible axis 2 42 42 42

9 100  Blade angle not plausible axis 1=>  Blade angle not plausible axis 2, Blade 
angle not plausible axis 3 

42 42 42

10 100  Blade angle not plausible axis 2=>  Blade angle not plausible axis 3 42 117 42

11 100  Blade angle not plausible axis 1=>  Blade angle not plausible axis 3 42 117 42

No. Status pattern
(category)

Description

1 141(1), 142(2) Rotor CCU collective faults, Line CCU collective faults

2 45(2), 52(2) Hydraulic pump time too high, Gearbox oil pressure too low

3 105(2), 113(2) Rotor CCU fault voltage, Line CCU fault voltage

4 63(1), 118(1) Safety chain, Emergency stop nacelle /hub

5 292(3), 296(3) Malfunction cabinet heaters, Malfunction diverter

6 106(2), 114(2) Rotor CCU fault current, Line CCU fault current

7 343(2), 344(1) Blade angle not plausible axis 3, Pitch malfunction 2 or 3 blades

8 296(3), 285(3) Malfunction Diverter, Timeout CAN communication to hub

9 122(2), 296(3) Collective fault pitch controller, Malfunction of diverter

10 122(2), 285(3) Collective fault pitch controller, Timeout CAN communication to hub

11 274(1), 275(1), 276(1) Pitch thyristor 1 fault, Pitch thyristor 2 fault, Pitch thyristor 3 fault

12 223(2), 342(2), 343(2) Blade angle not plausible axis 1, Blade angle not plausible axis 2, Blade angle not 
plausible axis 3

13 212(1), 213(1), 214(1) Battery voltage not OK axis 1, Battery voltage not OK axis 2, Battery voltage not OK axis 3

14 141(2), 142(2), 208(2) Rotor CCU collective faults, Line CCU collective faults, No activity CAN-Bus CCU

15 106(2), 114(2), 141(2), 142(2) Rotor CCU fault current, Line CCU fault current, Rotor CCU collective faults, Line CCU 
collective faults

16 106(2), 114(2),141(2), 142(2),  
208(2)

Rotor CCU fault current, Line CCU fault current, Rotor CCU collective faults, Line CCU 
collective faults, No activity CAN-Bus CCU

Table 1: Selection of status patterns.

No. Conf. % Condition (a) Prediction (c) η(a) η(c) η(aUc)

1 100 Pitch thyristor 1 fault, Pitch thyristor 2 fault=> Pitch thyristor 3 fault 298 298 298

2 100 Pitch thyristor 2 fault=> Pitch thyristor 1 fault 298 298 298

3 100 Pitch thyristor 3 fault=> Pitch thyristor 2 fault 298 298 298

4 100 Line CCU collective faults=> Turbine stopped due to calm 41 41 41

5 100 Emergency stop nacelle / hub=> Line CCU fault voltage 28 28 28

6 100 Blade angle not plausible axis 1, Blade angle not 
plausible axis 3=>

Blade angle not plausible axis 2 25 25 25

7 100 Pitch malfunction 2 or 3 blades=> Blade angle not plausible axis 3 22 47 22

8 100 Emergency stop nacelle / hub, Line CCU collec-
tive faults, Line CCU fault voltage=> 

Turbine stopped due to calm 13 41 13

9 100 Line CCU collective faults, Line CCU fault 
voltage=>

Turbine stopped due to calm 13 41 13

Table 2: Status patterns obtained from turbine 73.

Table 3: Status patterns obtained from turbine 25.



70    APRIL   |   2010

to two or more components/sub-
components of the wind turbine. 
After sorting out irrelevant and in-
frequent status patterns, a total of 
16 different status patterns (e.g., 16 
emerging faults) in all 100 turbines 
were found (table 1 and fig. 6). It is 
obvious that not all the faults need 
maintenance, as minor faults can be 
corrected by resetting the turbine; 
however, for major faults on-site 
maintenance is required. Therefore, 
10 representative turbines out of 100 
were selected to determine the fre-
quent status patterns.

Mining data of 10 representa-
tive turbines provides a list of the 
frequent status patterns in the form 
of an if-then-else rule. Criteria for 
selecting status patterns are based 
upon: (1) status pattern frequency and; (2) status 
pattern strength. The strength of a status pattern 
can be understood by the uniqueness of individual 
statuses in predicting a status pattern. A status pat-
tern with 100-percent confidence ensures that the 
status pattern is unique. Tables 2 and 3 provide a 
list of frequent status patterns of two different tur-
bines. Status pattern no. 1 in table 2 indicates that 
the fault in pitch thyristor 3 happen (100 percent of 
the time), whenever faults in pitch thyristor 1 and 
2 occur. The notation η(a), η(c), and η(aUc) is used 
to represent the frequency of condition (a), predic-
tion (c), and the combined frequency of both con-

dition and prediction, which forms a status pattern. 
Similarly, status pattern no. 8 in table 2 indicates 
that out of the 41 times when the turbine stopped 
due to calm conditions, 13 times were due to an 
emergency stop in nacelle and line CCU faults. It 
also indicates that an emergency stop in the na-
celle/hub along with line CCU faults (both collec-
tive and voltage based) always resulted in turbine 
stoppage. Overall, a total of 10 different lists were 
obtained, and the three most frequent status pat-
terns were identified, which were common to all 10 
turbines (table 4). All three frequent status patterns 
are unique and appeared more than 100 times in a 

Fig. 3: Status description in relation with turbine components.

Fig. 4: Status frequency distribution for 100 turbines: (a) category 1 
status; (b) category 2 status; (c) category 3 status; and (d) category 
4 status.
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year. The results in table 4 indicate that the turbine blades are more prone 
to damage.

Data Mining-Based Performance
The experiment conducted affirms one of the various ways in which his-
torical turbine data can be used to monitor the performance of a wind 
turbine. The appropriate selection of process parameters from historical 
turbine data can be used for fault prognosis [5]. Data mining provides an 

No. Status pattern (category) Description

1 343(2)=>344(1) Blade angle not plausible axis 
3=>Pitch malfunction 2 or 3 blades

2 274(1)=>275(1)=>276(1) Pitch thyristor 1 fault=> Pitch thyristor 
2 fault=> Pitch thyristor 3 fault

3 223(2)=>342(2)=>343(2) Blade angle not plausible axis 1=> 
Blade angle not plausible axis 2=> 
Blade angle not plausible axis 3

*frequency>100 & confidence = 100%

Fig. 5: A sample description to illustrate how status patterns are identi-
fied. Status code sequence needs to be both frequent and relevant in 
order to be a status pattern.

Fig. 6: Histogram of all identified status patterns over 100 turbines

Table 4: Most-frequent status patterns.

easy yet robust approach to 
performance monitoring, 
which can save time and 
money. The efficacy and 
usefulness of data-mining 
techniques discussed here 
have an empirical back-
ground, and so getting use-
ful information/patterns 
from the turbine data is a 
promising tool for perfor-
mance monitoring.   

Acknowledgment: The re-
search reported in this ar-
ticle has been sponsored 
by the Iowa Energy Center, 
Grant #IEC 07-01.

References:
1) �P.N., Tan, M., Steinbach, 

and V. Kumar. Introduc-
tion to Data Mining. 
Pearson Education/Ad-
dison Wesley, Boston, 
2006.

2) �A. Zaher, S.D., McArthur 
and D.G.Infield. Online 
wind turbine fault detec-
tion through automated 
SCADA data analysis. 
Wind Energy, Vol. 12, pp. 
574-593, 2009.

3) �A. Kusiak, W. Li, and Z. 
Song. Dynamic Con-
trol of Wind Turbines, 
Renewable Energy, Vol. 
35(2), pp. 456–463, 
2010.

4) �Z. Hameed, Y.S. Hong, 
Y.M. Cho, S.H. Ahn, and 
C.K. Song. Condition 
monitoring and fault de-
tection of wind turbines 
and related algorithms: 
A review. Renewable and 
Sustainable energy re-
views, Vol. 13, pp. 1-39, 
2009.

5) �P. R. J. Cambell and K. 
Adamson. Identification 
of blade vibration causes 
in wind turbine gen-
erators. Data Mining IV: 
Transaction, Informa-
tion and Communica-
tion Technologies, Vol. 
29, pp. 1-6, 2003.


