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Abstract: Taking the advantage of the current massive monitoring data from Supervisory Control and Data
Acquisition (SCADA) system of wind farm, it is of important significance for anomaly detection, early warning
and fault diagnosis to build the data model of state parameters of wind turbines (WTs). The operational
conditions and the relationships between the state parameters of wind turbines are complex. It is difficult to
establish the model of state parameter accurately, and the modeling method of state parameters of wind turbines
considering parameter selection is proposed. Firstly, by analyzing the characteristic of SCADA data, a
reasonable range of data and monitoring parameters are chosen. Secondly, neural network algorithm is adapted,
and the selection method of input parameters in the model is presented. Generator bearing temperature and
cooling air temperature are regarded as target parameters, and the two models are built and input parameters of
the models are selected, respectively. Finally, the parameter selection method in this paper and the method using
genetic algorithm-partial least square (GA-PLS) are analyzed comparatively, and the results show that the
proposed methods are correct and effective. Furthermore, the modeling of two parameters illustrate that the
method in this paper can applied to other state parameters of wind turbines. Copyright © 2014 IFSA
Publishing, S. L.
Keywords: Wind turbines, SCADA data, Parameter selection, Data modeling, Neural network.

1. Introduction
With the rapid development of wind power, the
Supervisory Control and Data Acquisition (SCADA)
system has been installed in almost all wind farms to
improve the reliability of wind turbines and to
minimize operation and maintenance costs [1-5].
Thus, studies on condition monitoring and fault
diagnosis by applying SCADA data and establishing
the models of state parameters have drawn increasing
attention among researchers both at home and abroad,
gradually becoming a hotspot in the field of condition
monitoring for wind power [6-8].

http://www.sensorsportal.com/HTML/DIGEST/P_2292.htm

SCADA collects information on all of the
important subassemblies of wind turbines in wind
farms [9], including various parameters that can
amount to 100 or more [10]. Reducing the
dimensions of data and establishing models with the
most closely related parameters is a premise in
simplifying models and ensuring prediction accuracy.
Although parameters selection has been studied by
some researchers who used several algorithms to
establish the parameter prediction model, the process
of parameter selection has not been discussed clearly
and selected parameters have not been validated
[11-12]. In some studies, the input parameters of the
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established parameter prediction model have been
validated, and importance degrees of input
parameters were compared. However, the
significance of importance degrees of input
parameters in simplifying models has not been
further studied, and the existing model has not been
adjusted [13].
These parameters have been modeled using the
regression method and neural networks reported in
[14], and the two generated models have been
compared. However, the effect of input parameters
on the result has been ignored, especially in neural
network modeling. Although some of the state
parameters of wind turbines have been modeled in
[11-15], the influence of the mutual relationships of
these parameters on model output are neglected
because the input parameters were selected according
to the experience of experts and that in the field.
Therefore, the accurate modeling of parameters for
wind turbines as constructed based on parameter
selection has academic value and application
potential.
With regard to the aforementioned problems, a
method of parameter selection for wind turbines is
introduced in this study after studying the SCADA
data. In this method, state parameters are modeled
according to these data. In part 2 of this paper,
SCADA data are selected, and the adopted SCADA
monitoring parameters are introduced; in part 3, the
temperature parameters of generator bearing B and of
cooling air are explained; and in part 4, the methods
are verified and analyzed, followed by the
conclusions.

2. Collecting SCADA Data in a Wind
Farm
The wind turbines of a wind farm have a
horizontal shaft and an active yawing and pitch
control system. The rated power is 1.5 MW; cut-in
wind speed is 3 m/s; rated wind speed is 12 m/s; and
cut-out wind speed is 25 m/s.
The wind farm houses 31 WTs that are similar.
SCADA monitoring data were obtained at random
from WT 3, 10, 17, 23, and 31. Fig. 1(a) shows the
probability of the accumulative distribution of the
wind speed of WT 17 after wind speed is analyzed
using the Bin method [16].

Fig. 1. Wind speed distribution of WT.

238

When the speed is 13.5 m/s, the accumulative
probability is 99.22 %. Thus, the monitoring data
constitutes less than 0.8 % of the probability when
the speed is above 13.5 m/s. This wind speed analysis
can determine accurate monitoring data for
further study.
SCADA records the operating parameters, such as
nacelle vibration parameters, the phase voltage and
current of the power grid, and the temperatures of the
gearbox, generator, mainshaft bearing, wind speed,
and environment. All of these parameters are
presented in Table 1.
Table 1. Monitoring parameters of SCADA system.
Monitoring
units

Nacelle

Gearbox

Bearing of
main shaft

Generator

Grid factors

Environment
factors

Assessment indices

Modeling
or not

Nacelle vibration along X
direction X1
Nacelle vibration along Y
direction X2
Temp. of base cabinet X3

Yes

Temp. of top cabinet X4

Yes

Temp. of input shaft X5

Yes

Temp. of output shaft X6

Yes

Temp. of inlet oil X7

Yes

Temp. of oil X8
Temp. of rotor-side
bearing X9
Temp. of gearbox-side
bearing X10
Temp. of winding X11

Yes

No
No

Yes
Yes
Yes

Temp. of cooling air X12

Yes

Temp. of bearing A X13

Yes

Temp. of bearing B X14

Yes

Phase voltage X15

No

Phase current X16

No

Active power X17

Yes

Reactive power X18

No

Wind speed X19

No

Temp. of ambient X20

No

SCADA data may be problematic given that data
selection is based on field experience. Issues include
low sampling rate, inaccurate data, and deficiencies
in parameter recording. In further study, the operating
parameters that accurately reflect the condition of the
wind turbines are chosen, such as the parameter of
generator bearing temperature. This parameter is
closely related to generator operation. The parameter
of cooling air temperature also directly influences the
heat dissipated by the generator. Therefore,
parameters models of generator bearing and cooling
air temperatures are established.
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where RMSE is the root-mean-square error; ri is the
raw data; r̂i is the predicted value.

3. Establishing the Parameters Models
Artificial neural networks, which have a nonlinear
mapping ability that does not require precise
mathematical models and which exhibit good ability
to learn useful knowledge from input and output data,
have been widely used to model nonlinear systems.
The back propagation (BP) neural network algorithm
is the most widely used neural network in this field
[17-19]. Using neural networks to predict parameters
has achieved good results [12]; thus, the BP neural
network was used in the present study to establish the
normal state models of the parameters in WTs.
The BP neural network adopted three layers of
network structure, with 19 nodes in the input layer
and 1 node in the output layer. The 14 nodes in the
hidden layer were determined by an empirical
equation, i.e., Eq. (1). And the hidden layer of all
models has 14 nodes for comparative analysis in this
paper.

l = m+n +a,

(1)

where l is the nodes of a hidden layer; m is the nodes
of an input layer; n is the nodes of an output layer; a
is the constant in the range of [1, 10].
A total of 30000 data under normal operating
conditions were selected from the SCADA system of
WT 17 for a year, including 27000 training data and
3000 testing data. The system of the wind turbines is
complicated and non-linear; thus, any change in
SCADA data may provide useful information. As a
result, all of the data used in this study are
unprocessed.

3.1. Parameter Modeling of Temperature
of Generator Bearing B

Table 2. Influence of the parameters on the temperature
of generator bearing B.
No.
1

Phase voltage X15

2

Temp. of output shaft
X6

3

Temp. of oil X8

4

Temp. of bearing A X13

5

Temp. of input shaft X5

6

Temp. of top cabinet X4

7

Temp. of winding X11

8
9
10
11

Temp. of inlet oil X7

13

Active power X17

14

Temp. of ambient X20

15

Phase current X16

16

Wind speed X19

17

Reactive power X18

18

The modeling process is described as follows.
1) The optimal normal state model was obtained
based on the training data described earlier. The
model structure was 19:14:1.
2) The model was tested with the test data, as
shown in Eq. (2). The average error was 0.0105 and
the root-mean-square error (RMSE) was 1.7656.
3) The input parameters of the test data were
successively increased and decreased by 5 %. The
model was tested. The average error and RMSE were
recorded, and arranged in descending order of
RMSEs, as shown in Table 2.

19

n

RMSE =

2

i =1

n

,

(2)

Temp. of gearbox-side
bearing X10
Temp. of rotor-side
bearing X9
Temp. of cooling air
X12
Temp. of base cabinet
X3

12

3.1.1. The Initial Parameter Model

 (ri − rˆi )

Parameters

Nacelle vibration along
X direction X1
Nacelle vibration along
Y direction X2

+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%

RMSE
2.5363
2.3748
2.2950
2.5846
2.4915
2.2599
2.2858
2.2690
2.2428
2.1590
2.0841
2.2222
2.1577
2.1073
2.1546
2.0624
2.0581
2.1309
1.9859
1.9977
1.9135
1.8659
1.8679
1.9051
1.8538
1.8698
1.8416
1.8607
1.8572
1.8403
1.8219
1.8177
1.8193
1.8190
1.8192
1.8190
1.8192
1.8189

3.1.2. Selecting the Input Parameters
of the Model
According to the order of the parameters shown in
Table 2, the first model structure was 1:14:1, and the
input parameter was the number 1 parameter. The
second model structure was 2:14:1, and the input
parameters were the first two parameters. By analogy,
the nth model structure is n:14:1, and the input
parameters are the first n parameters. Each model had
14 hidden nodes, was trained 30 times with the same
training data, and tested with the same test data. The
average RMSE at 30 times was obtained, as shown in
Fig. 2.
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Table 3. Influence of the parameters on temperature
of generator cooling air.
No.

Fig. 2. The change of RMSE versus the increase of input
parameters of the model.

As shown in Fig. 2, the RMSEs dropped sharply
from the 1st to the 7th model, and the RMSE
difference between the 7th and 19th models was
smaller. The RMSE changed slightly after the 7th
model and exhibited certain fluctuations, thus
indicating that the subsequent parameter information
was found in the first seven input parameters.
According to the figure, the normal state model
established based on the first seven input parameters
exhibits good accuracy. Thus, the model built from
input parameters that include phase voltage, as well
as the temperatures of the output shaft, gearbox oil,
generator bearing A, input shaft, top cabinet, and
generator winding reflects the actual changing
situation of the temperature in generator bearing B,
thus illustrating the validity of modeling based on the
parameter selection method according to the order set
in Table 2.

3.2. Parameter Modeling of Temperature
of Generator Cooling Air
The parameter of cooling air temperature is
modeled using the method applied to model the
temperature of generator bearing B. The RMSE of
the model are calculated, and the influence of each
parameter on cooling air temperature is determined as
shown in Table 3. The parameter models are
established according to the order in Table 3, and the
RMSEs of the models are obtained. Fig. 3 shows that
the 6th model is highly accurate. Therefore, the
parameter model whose input parameters include the
temperature of the input shaft of the gearbox, of the
inlet oil of the gearbox, of the output shaft of the
gearbox, of gearbox oil, and of generator bearings A
and B can effectively reflect the actual changes in the
cooling air temperature of generators.

Parameters

1

Temp. of input shaft X5

2

Temp. of inlet oil X7

3

Temp. of output shaft X6

4

Temp. of oil X8

5

Temp. of bearing A X13

6

Temp. of bearing B X14

7

Phase voltage X15

8

Temp. of winding X11

9
10

Temp. of gearbox-side
bearing X10
Temp. of rotor-side
bearing X9

11

Temp. of top cabinet X4

12

Temp. of ambient X20

13

Phase current X16

14

Active power X17

15

Temp. of base cabinet X3

16

Wind speed X19

17

Reactive power X18

18
19

Nacelle vibration along X
direction X1
Nacelle vibration along Y
direction X2

+5%
-5%
+5%
-5%
+5%

RMSE
5.3504
3.8300
3.9634
4.0442
3.2942

-5%

4.6651

+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%
+5%
-5%

4.0026
3.4799
3.0371
3.2676
2.9222
2.8212
2.8991
2.7293
2.8561
2.7145
2.5705
2.5691
2.5567
2.5645
2.5182
2.5237
2.4501
2.4525
2.4466
2.4441
2.4449
2.4452
2.4421
2.4421
2.4311
2.4411
2.4357
2.4342
2.4357
2.4342
2.4356
2.4341

Fig. 3. The change of RMSE versus the increase of input
parameters of the model.

3.3. Parameter Modeling
After the influences of various parameters on the
target parameters were considered, the normal state
model was established by the following steps (Fig. 4).
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Step 1: The first three parameters with higher
RMSEs were considered as the input parameters. The
number of hidden nodes was determined with Eq. (1).
The BP neural network model, with a model structure
of 3:14:1, was built. The optimal normal state model
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was established with the previous training data.
Proceed to step 3.
Step 2: The parameter with the highest RMSE in
the remaining parameters in Table 2 was added. The
normal state model based on the BP neural network
was established.
Step 3: The newly built model was tested with the
test data. The RMSE was compared with that
obtained from 19 initially built input parameters
model. When the difference is greater than the
threshold, return to the step 2. When it is smaller than
the threshold, then the model is the final normal
state model.

January 14, 2012 to February 15, 2012, and the
results are depicted in Fig. 5. The models are
constructed using the method in [20] and the method
proposed in this study. Fig. 5(a) and 5(b) indicate that
residues mainly distribute at temperatures ranging
from −6 °C to +5 °C, whereas the residue from the
model generated using the method in [20] mainly
distributes at temperatures ranging from −8 °C to
+5 °C. The difference of the two models is clear from
Figure 5. The calculated RMSEs are 2.0959 and
3.1504, as displayed in Fig. 5 (a) and 5 (b), thereby
implying that the model developed with the proposed
method is more accurate.

Fig. 5. (a) Residual and distribution of parameter model for
temperature of generator bearing B using the proposed
method in this paper and (b) the method in [20].

Fig. 4. Flowchart of parameters modeling.

4. Verification and Analysis
To validate the method of parameter selection in
this study, SCADA data from the wind farm are used
to verify the parameter models of the temperature of
generator bearing B and of the cooling air
temperature of the generator.
Parameter selection is vital to the establishment of
the models because it can simplify them by removing
spare parameters. It can also ensure model accuracy,
enhance the interpretability of the model, and clarify
the effects of parameters on one another. Seven
parameters are selected as inputs for the temperature
model of generator bearing B through genetic
algorithms and partial least squares in [20]. These
parameters are temperatures of generator winding, of
generator bearing A, of the output shaft of the
gearbox, of generator cooling air, phase current,
active power, temperature of rotor-side bearing. The
models are validated using SCADA data from

The parameter model of the cooling air
temperature of the generator reveals the
generalizability of the proposed method. Using the
method in [20], six parameters are selected as inputs
for this model, including phase current, active power,
and the temperatures of generator bearings A and B,
of generator winding, and of the output shaft of the
gearbox. The structure of the model of the backpropagation neural network is expressed in the ratio
6:14:1. The two models are evaluated by SCADA
data from February 5th, 2012 to March 7th, 2012,
and the test results are exhibited in Fig. 6. Figs. 6(a)
and 6(b) indicate that residues mainly distribute at
temperatures ranging from −8 °C to +10 °C, whereas
the residue from the model generated using the
method in [20] mainly distributes at temperatures
ranging from 12 °C to +10 °C. Thus, the residual
distribution of the proposed model is more
concentrated. The calculated RMSEs are 3.5246 and
4.3969, as displayed in Figures 6(a) and 6(b), thereby
implying that the model developed with the proposed
method is more accurate.
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Fig. 6. (a) Residual and distribution of parameter model for
temperature of generator cooling air using the proposed
method in this paper and (b) the method in [20].

5. Conclusions
To evaluate abnormal parameters, a method to
model the parameters of wind turbines is developed
using SCADA data. The conditions of wind turbines
can thus be assessed, and faults can be diagnosed.
This diagnosis can improve the reliability of wind
turbines in operation and reduce operation and
maintenance costs. In full consideration of the
characteristics of the SCADA data obtained from a
wind farm, strong representative data are chosen for
this study. An artificial neural network algorithm is
adopted, and models of temperature of generator
bearing and cooling air are built. To simplify the
structure and accuracy of the models, a method of
parameter selection is proposed. This method
effectively reduces the dimensionality of the input
parameters and selects the parameters that strongly
affect the target parameters. Aside from the proposed
method, another technique reported in previous
literature was used to select the parameters for this
study. The corresponding parameter model of the
temperature of generator bearing B is thus
established. The proposed method is validated
through comparison and analysis; to verify its
generality, it is utilized to develop the parameter
model of the cooling air temperature of the generator.
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