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Abstract – This paper presents an effective approach for wind turbine (WT) condition assessment 
based on the data collected from wind farm supervisory control and data acquisition (SCADA) system. 
Three types of assessment indices are determined based on the monitoring parameters obtained from 
the SCADA system. Neural Networks (NNs) are used to establish prediction models for the assessment 
indices that are dependent on environmental conditions such as ambient temperature and wind speed. 
An abnormal level index (ALI) is defined to quantify the abnormal level of the proposed indices. 
Prediction errors of the prediction models follow a normal distribution. Thus, the ALIs can be 
calculated based on the probability density function of normal distribution. For other assessment 
indices, the ALIs are calculated by the nonparametric estimation based cumulative probability density 
function. A Back-Propagation NN (BPNN) algorithm is used for the overall WT condition assessment. 
The inputs to the BPNN are the ALIs of the proposed indices. The network structure and the number of 
nodes in the hidden layer are carefully chosen when the BPNN model is being trained. The condition 
assessment method has been used for real 1.5 MW WTs with doubly fed induction generators. Results 
show that the proposed assessment method could effectively predict the change of operating conditions 
prior to fault occurrences and provide early alarming of the developing faults of WTs. 
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1. Introduction 
 
Wind energy is considered one of the most promising 

alternatives to traditional electric power systems [1, 2]. 
Rapid expansion of large-scale wind farms has drawn 
attention to operational and maintenance (O&M) issues 
[3-5]. The O&M costs of wind turbines (WTs) account 
for approximately 25% to 30% of the overall energy 
generation cost [6]. Various condition monitoring and fault 
diagnosis approaches of WTs, such as vibration analysis 
[7], acoustic analysis [8], lubrication analysis [9], and 
strain measurement [10], have been proposed to reduce 
unscheduled downtime as well as O&M costs. However, 
most of these approaches have not been widely adopted in 
wind farms because of the imitations with data storage 
capacities and high cost of installing additional equipment, 
or sensors, for condition monitoring systems of WTs [11]. 
As one of the most important parts of the WT condition 
monitoring systems, the supervisory control and data 
acquisition (SCADA) system of a wind farm can provide a 
large amount of measurements such as the temperatures 

(e.g., bearing temperature, oil temperature), wind 
parameters (e.g., wind speed, wind direction), and energy 
conversion parameters (e.g., output power, pitch angle, 
rotor speed), which are widely used by wind farm 
operators to monitor the health condition of WTs. Hence, 
assessment of WT conditions based on the SCADA data is 
a cost-effective approach to improving the reliability of 
WTs and reducing the O&M costs of wind farms [12, 13].  

The wind farm SCADA data has gained considerable 
interest in condition monitoring and fault diagnosis of 
WTs [14]. The WT power curve, which could provide the 
relationship between power output and wind speed, is one 
of the most common tools in anomaly detection and 
performance analysis of WTs [15]. Different SCADA data 
mining approaches, such as neural networks (NNs) [16, 17], 
adaptive neuron-fuzzy inference systems (ANFIS) [17], 
k-Nearest Neighbors (k-NN) [17, 18], bagging tree [18], 
and the generalized mapping regressor [19], PC2-Dev [20] 
were used for modeling the WT power curve and the 
anomaly detection capabilities of the models were analyzed. 
It was shown that the abnormal conditions of the WTs can 
be detected by using the residuals between the predicted 
power and observed power. In [21], a methodology for 
system-level fault diagnosis of WTs was presented by 
using the SCADA based power curve and a NN classifier. 
A comprehensive review of the existing WT power curve 
monitoring techniques can be found in [22]. 

Modeling the normal behavior of SCADA monitoring 
parameters is another effective method for WT condition 
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monitoring [23]. By using advanced SCADA data mining 
methods, various models predicting normal behavior have 
been developed to detect common anomalies in most 
important WT components. These models were established 
by employing data-driven approaches that involve NNs 
[24-26], support vector machine (SVM) [27], ANFIS [28], 
deep neural network (DNN) [29], and nonlinear state 
estimate technique [30]. In [31], different WT performance 
curves, such as the power curve, rotor curve, and blade 
pitch curve were modeled for monitoring performance of 
WTs. A nonlinear data-based modeling approach was 
proposed in [32] to detect anomalies in WT generator 
winding and gearbox bearing. In [33], a NN based normal 
behavior model of generator bearing temperature was 
developed to analyze bearing faults in WTs. A comparative 
analysis of two NN-based models and a regression-based 
model was presented in [34] for detecting anomalies in 
gearbox bearing temperature and generator stator 
temperature. 

Though the wind farm SCADA data have attracted 
great research interest in anomaly detection and condition 
monitoring for WTs, there is still a lack of the assessment 
method for monitoring the overall condition of WTs. The 
power curve monitoring techniques are unable to utilize 
the comprehensive operational information hidden within 
the SCADA system for condition assessment of WTs. 
Though normal behavior modeling is a viable approach 
to performance monitoring of WTs, the technique is 
mainly applied to monitor the conditions of single signal 
or individual WT components such as blades, rotors, 
generators, and gearboxes, which are not appropriate to 
be used for assessing the overall condition of WTs. These 
challenges lead to the discovery of a new approach to 
evaluate the operation conditions of WTs based on com-
prehensive SCADA monitoring parameters. Moreover, 
since the operational point of a WT change quite 
significantly with wind speed [11], the traditional fixed 
thresholds based condition assessment method [35, 36] is 
not appropriate for WTs. Data preprocessing methods 
were proposed in [23, 37] to mitigate the impacts of wind 
speed upon the real WT condition parameters. However, 
other factors such as the ambient temperature, yaw control 
and pitch angle control can also affect the performance 
of the WTs [18, 38]. Therefore, the environmental and 
operational conditions should be comprehensively considered 
to quantify the condition assessment indices effectively. 

Considering the aforementioned problems, this paper 
presents a novel approach for condition assessment of 
WTs. Based on the monitoring parameters of a wind farm 
SCADA system, the indices for WT condition assessment 
were determined and classified into three types. The 
development of prediction models of rotor speed, output 
power, and component temperature is given to extract 
useful information from the assessment indices that are 
dependent on environmental conditions such as ambient 
temperature and wind speed. A new index called abnormal 

level index (ALI) is proposed to quantify the abnormal 
level of the proposed indices. A BPNN algorithm is used 
for the WT condition assessment with the ALI as inputs. 
Finally, two cases are investigated to validate the proposed 
method by using the monitoring data of 1.5 MW WTs. 

The remainder of the paper is organized as follows: In 
Section 2, the indices based on the SCADA data have been 
determined for WT condition assessment. The prediction 
models of the assessment indices are developed and their 
performance is discussed in Section 3. In Section 4, 
different data preprocessing methods are used to calculate 
the ALIs of the indices. The BPNN model for WT 
condition assessment is introduced in Section 5, where the 
details in selecting the structure of the BPNN model and 
the NN training are also given. Based on the data of a real 
wind farm, the BPNN based condition assessment method 
is verified and discussed in Section 6, followed by the 
conclusion drawn in Section 7. 

 
 

2. Parameter Description and Classification 
 
Hundreds of parameters are provided by the wind farm 

SCADA systems. Fig. 1 shows an example of some WT 
condition parameters obtained from the wind farm SCADA 
system. All these parameters can be classified into com-
ponent performance, environmental, and grid parameters. 
The operational condition of components is reflected by the 
component performance parameters, such as temperature, 
pressure, and position. Typical environmental parameters 
are wind speed, wind direction, and ambient temperature. 
Grid parameters include phase voltage, phase current, grid 
frequency, reactive power, and output power. Only the 
parameters that can reflect the health condition of a WT are 
considered in this paper. Defects and fatigue in electronic 
equipment or mechanical components can be reflected in 
temperature parameters [33, 39]. For some subsystems of a 
WT, such as yaw and hydraulic system, other physical 
quantities should be utilized. Yaw angle error represents 
the angle between the wind and the nacelle position. Yaw 

Fig. 1. Location of part of measurements by the SCADA 
system 
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position is the rotation angle of the nacelle. The output 
power is also selected since it can reflect the overall 
performance of a WT. 

Based on this, the SCADA based WT condition assess-
ment indices are determined, as shown in Table 1. All the 
indices in Table 1 are grouped into three types. Type 1 
indices include the temperature indices for WT components 
that are affected by both wind speed and ambient temperature. 
Temperature of the gearbox input shaft in the wind farm is 
taken as an example. As shown in Fig. 2, for the variable 
speed constant-frequency (VSCF) WT, when the wind speed 
is below its rated speed, a faster rotational speed due to a 
higher wind speed will evidently raise the temperature of 
the mechanical components. When the wind speed is over 
the rated wind speed, the WT will be kept at its rated 
output power by variable pitch control and the component 

temperatures will be less affected by the wind speed. The 
heat dissipation of mechanical components of a WT is also 
affected by the ambient temperature. At a lower ambient 
temperature, the heat dissipation is faster and the component 
temperatures can vary in a larger range. Conversely, at a 
higher temperature, the component temperature tolerable 
variation range is smaller with slower heat dissipation. 
Type 2 indices consist of the WT’s output power and 
rotor speed, which are closely related to the change of 
wind speed (Fig. 2). The indices in Type 3 do not have an 
obvious relationship with environmental conditions. 

The SCADA data used in this paper were obtained from 
an onshore wind farm in Northern China. The wind farm 
has 34 1.5 MW WTs with doubly fed induction generators 
(DFIGs). The cut-in, the rated and the cut-out wind speeds 
of each WT are 3 m/s, 12 m/s, and 25 m/s, respectively. 
The SCADA data have been collected since February 15, 
2011. 

 
 

3. Prediction model development 
 
Certain data processing steps are necessary to mitigate 

the impacts of dynamic operating points upon the WT 
condition parameters. Prediction models of the Type 1 and 
Type 2 indices are developed to decouple the indices 
from environmental and operational conditions. To ensure 
satisfactory estimation results, the following three factors 
should be carefully considered: 1) input parameters, 2) 
training algorithm, and 3) sample data. The input 
parameters to each model are determined based on domain 
knowledge. NNs are used to establish the prediction 
models for environmentally sensitive SCADA parameters 
(i.e. Type 1 and Type 2 indices). The sample data are 
collected when the WT is considered healthy. 

 
3.1. Input parameters 

 
The selection of input parameters is a premise in 

simplifying models and ensuring prediction accuracy. It 
requires a physical understanding of energy conversion of 
WTs with DFIGs. The input parameters of different types 
of parameter prediction models are shown in Table 2, 

 
Table 1. WT condition assessment indices. 

Components Assessment indices Unit Types
Rotor position-X1 ° 3 Rotor Rotor speed-X2 rpm 2 
Yaw position-X3 ° 3 Yaw Yaw angle error-X4 ° 3 

Nacelle vibration along x direction-X5 m/s2 3 Nacelle Nacelle vibration along y direction-X6 m/s2 3 
Temp. of gearbox input shaft-X7 °C 1 
Temp. of gearbox output shaft-X8 °C 1 Gearbox 

Temp. of gearbox oil-X9 °C 1 
Temp. of rotor-side main bearing-X10 °C 1 Main shaft 

bearing Temp. of gearbox-side main bearing-
X11 

°C 1 

Temp. of generator winding-X12 °C 1 
Temp. of generator bearing a-X13 °C 1 
Temp. of generator bearing b-X14 °C 1 Generator 

Temp. of generator cooling air- X15 °C 1 
Temp. of converter cooling water-X16 °C 1 

Temp. of converter controller-X17 °C 1 
Temp. of top cabinet-X18 °C 1 

Control 
system 

Temp. of base cabinet-X19 °C 1 
Hydraulic 

system Main hydraulic pressure-X20 bar 3 

Grid factors Output power-X21 kW 2 
 

 
Fig. 2. Raw SCADA data obtained from a real 1.5 MW 

WT 

Table 2. Input parameters of the prediction models based 
on Type 1 and Type 2 assessment indices. 

Target condition parameters Input parameters 

Output power (t) 
Wind speed (t); 

yaw angle error (t); 
pitch angle (t) 

Rotor speed (t) 
Wind speed (t); 

yaw angle error (t); 
pitch angle (t) 

Component temperatures (t) 

Wind speed (t); 
output power (t); 

ambient temperature (t); 
component temperatures (t-1) 
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which differ for each type of monitoring parameter. Yaw 
control and pitch angle control can change the power 
captured by the blades and consequently affect the output 
power and the rotor speed of a WT [40]. The wind speed, 
yaw angle error, and the pitch angle are selected as the 
input parameters to improve the accuracy of the models 
of output power and rotor speed. For the VSCF WTs, the 
component temperatures depend on the wind speed, the 
ambient temperature, the WT’s output power and the 
previous component temperatures. The temperature of the 
mechanical components will increase under a faster 
rotational speed caused by a higher wind speed. 
Consequently, the WT output power and the temperature 
of electrical components increase. The ambient temperature 
and previous temperature are considered due to the 
hysteresis of temperature variation. 

 
3.2 Training algorithm 

 
Back-propagation Neural Network (BPNN), a widely 

used NN for prediction, is applied in this study for 
prediction of Type 1 and Type 2 assessment indices. In 
consideration of the size of the training set and the training 
time, the NN is chosen to have only one hidden layer and 
the number of neurons in the hidden layer ranges from 2 to 
10. The transfer function used in the hidden layer is tan-
sigmoid while the output layer transfer function is log-
sigmoid based. The actual number of nodes (i.e. neurons) 
in the hidden layer is determined by trial-and-error to 
find the right number at which the NN has the best 
generalization performance.  

 
3.3 Data sampling 

 
There are no generalized rules for selecting training 

samples of the WT condition parameter prediction models. 
Two points have been carefully considered to select the 
sample data. Firstly, the training samples must be collected 
when the WT is under normal condition. Secondly, ambient 
temperature and wind speed vary with the seasons. Fig. 3 
shows the boxplot of ambient temperature and wind speed 
of four seasons in a year. The data are collected from the 
SCADA dataset of a WT. The median, 25th and 75th 

percentiles are shown with boxes, while the maximum, 
minimum and outliers are shown with whiskers and crosses, 
respectively. It is clear that there are significant differences 
among the data distributions of the four seasons. 

Table 3 shows the training and test data for the 
prediction models of the Type 1 and Type 2 assessment 
indices. The samples are collected from the SCADA data in 
2011 and 2012. Data of each season are used to develop the 
prediction models. Scaling and missing data processing are 
performed before training the NNs. The 10 min average 
SCADA data are used for parameter modeling. 

 
3.4 Performance and prediction error analysis 

 
To analyze the performance of the prediction models, 

metrics such as mean absolute error (MAE), mean squared 
error (MSE), mean absolute percentage error (MAPE) and 
coefficient of determination (R2) have been used, as shown 
in (1)-(3). 
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Table 3. Data sample for the prediction models. 

Sample data Seasons 
Start time Stop time 

Sample type 

Spring 2012-02-15 
2012-04-24 

2012-04-23 
2012-04-30 

training 
test 

Summer 2011-05-01 
2011-07-25 

2011-07-24 
2011-07-31 

training 
test 

Autumn 2011-08-01 
2011-10-25 

2011-10-24 
2011-10-31 

training 
test 

Winter 2011-11-01 
2012-01-25 

2012-01-24 
2012-01-31 

training 
test 

 
Table 4. Prediction performance of Type 1 and Type 2 

assessment indices. 
Index Assessment indices 

MSE MAE MAPE
Temp. of gearbox input shaft 0.45°C 0.34°C 0.58%
Temp. of gearbox output shaft 0.70°C 0.51°C 0.83%

Temp. of gearbox oil 0.83°C 0.64°C 1.09%
Temp. of rotor-side main bearing 0.28°C 0.13°C 0.45%

Temp. of gearbox-side main bearing 0.46°C 0.15°C 0.54%
Temp. of generator winding  1.81°C 0.84°C 1.67%
Temp. of generator bearing a 0.71°C 0.29°C 0.96%
Temp. of generator bearing b 0.68°C 0.52°C 0.88%

Temp. of generator cooling air 0.90°C 0.59°C 2.06%
Temp. of converter cooling water 1.05°C 0.77°C 1.24%

Temp. of converter controller 0.72°C 0.51°C 1.19%
Temp. of top cabinet 0.63°C 0.79°C 1.05%

Temp. of base cabinet 0.88°C 0.67°C 0.94%
Output Power 43.48kW 38.25kW 7.79%
Rotor speed 0.37rpm 0.20rpm 1.52%

 
Fig. 3. Boxplot of ambient temperature and wind speed of 

four seasons 
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where n is the number of test samples, ˆiy  is the predicted 
value for a time period i, and yi is the measured value at the 
same time. 

Tables 4 shows the prediction performance of Type 1 
and Type 2 indices of a WT. Although the prediction 
accuracy of each component temperature is different, the 
maximum of MAE is lower than 1 °C. 

The trained models are tested by using the test data in 
Table 3. The error residuals and prediction error 
distributions for the prediction models of output power, 
rotor speed, gearbox input shaft temperature and generator 

bearing temperature are given as an example, as shown in 
Figs. 4 and 5. It can be seen that the prediction errors 
coming from the successfully trained prediction models are 
normally distributed with a mean around zero. When the 
WT is healthy, the prediction errors are mostly distributed 
in high-probability regions, while abnormal conditions 
happen in the low-probability regions. Thus, the prediction 
error of developed prediction models can be used to detect 
anomalies in the assessment indices. 

A case is used for further explanation. A WT suffered a 
sudden breakdown on June 15, 2012 because of the severe 
oxidation of its carbon brush. An analysis of the error 
records in the SCADA system revealed that an error event 
of the generator bearing occurred on June 12, 2012. 

Based on 3σ-principle of normal distribution, the 
specific limits of prediction errors, which are set to ±3σ, 
are used for detecting anomalies in the assessment indices. 
The prediction results of generator bearing b temperature 
and gearbox-side main bearing temperature are analyzed as 
an example. Figs. 6 and 7 show the prediction errors of the 
two assessment indices between May 13 and June 15, 2012. 
From May 13 to May 31, the prediction errors change in a 
small range centered at 0. The first anomalies in the two 
indices are detected at an early stage on June 1. From 
June 1 to June 12, the prediction errors start increasing 
continuously, which are significantly greater than before. 
After the occurrence of the error event (i.e. June 12, 2012), 
the prediction errors rapidly increase and frequently exceed 
the value of 3σ. 

 
Fig. 4. Error residuals of the prediction models based on 

Type 1 and Type 2 indices 
 

 
Fig. 5. Prediction error distributions of the prediction 

models based on Type 1 and Type 2 indices 

Fig. 6. Prediction errors of generator bearing b temperature
 

Fig. 7. Prediction errors of gearbox-side main bearing 
temperature. 
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4. Abnormal Level Quantification 
 
In this work, the ALI is defined to quantify the abnormal 

level of the proposed assessment indices. The ALI has a 
value in the range between 0 and 1, with a bigger value 
indicating a higher level of abnormal condition of the index. 

 
4.1 ALIs of the Type 1 and Type 2 indices 

 
The calculation of ALIs of the Type 1 and Type 2 indices 

is based on the principle that normal instances occur in 
high-probability regions, while abnormal conditions 
happen in the low-probability regions. The error residuals 
of prediction models for Type 1 and Type 2 indices are 
divided into four regions according to the probability 
density functions (PDFs) of zero-centered normal 
distribution and 3σ-rule, as shown in Fig. 8. A fixed-size 
moving window is applied to obtain the prediction error 
series. A window size of 144 points, which is 24-hour error 
residuals, is considered. The moving step of the time 
window is 6-hours. ALI is calculated as follows: 

 

 1 4

1

1 i i

i i
i

R n
g

R n
=

= −
∑  (5) 

 
where nk is the number of data in the ith region and Ri is 
the penalty factor, which is set to be {1, 2 , 3, 4}. 

 
4.2 ALIs of the type 3 indices 

 
Parzen estimation, a commonly used nonparametric 

estimation method, is used to describe the normal 
behaviors of Type 3 indices. Cumulative probability 
distribution functions (CPDFs) of the parameter values can 
be expressed as follows [41]: 

 

 
1

1( ) ( )
n

i

i

x x
P x K

hn h=

−
= ∑  (6) 

 
where {x1,…, xn} is a series of sample data, K is the kernel 
function, and h is the window width. The Gaussian kernel 

is used and the approximate mean integrated square error 
(AMISE) based approach is applied to obtain the optimal 
window width [42]. 

Because the Type 3 indices change significantly in a 
short time, data with an interval of 1 min are used. Data for 
three months are collected when the WT is healthy, which 
are used to obtain the Parzen estimation based CPDFs. The 
estimated CPDF for yaw angle error of a WT is taken as an 
example, as shown in Fig. 9. 

The prediction errors are divided into three regions 
according to the quantile 0.025, 0.25, 0.75 and 0.975, as 
shown in Fig. 9. A fixed-size moving window is also used. 
The window size is set to 1440 points to obtain data in 24 
hours and the moving step is 6-hours. ALIs of the Type 3 
indices can be calculated as: 

 

 2 3

1

1 k k

k k
k

R n
g

R n
=

= −
∑  (7) 

 
where nk is the number of data in the kth region and Rk is 
the penalty factor, which is set to be {1, 2 , 3}. 

 
 

5. The BPNN Model for WT Condition Assessment 
 

5.1 WT condition division 
 
Currently, there are no generalized rules for division of 

WT conditions. In order to provide an early alarming prior 
to fault occurrences, the operating conditions of WTs are 
divided into three categories: 

“Normal” condition: “Normal” condition indicates the 
WT can be considered healthy. During the period of 
“Normal” condition, the prediction errors of Type 1 and 
Type 2 indices change in a small range centered at 0 and 
very few of them exceed the specified limits (i.e. ±3σ). 
The indices of Type 3 show small fluctuations under the 
“Normal” condition. 

“Alert” condition: “Alert” condition denotes the status 
between the “Normal” condition and the “Dangerous” 
condition of WTs, which is an early indication of 
developing faults of WTs. During the period of “Alert” 

Fig. 8. Four regions of prediction errors of the NN based 
prediction models 

 
Fig. 9. Three regions of yaw angle error 
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condition, prediction errors of some assessment indices 
show an obvious increasing tendency. Some of the 
prediction errors occasionally exceed the specified limits 
(i.e. ±3σ). For some WT faults such as the yaw system fault 
and hydraulic system fault, some of the Type 3 indices 
show a tendency to reach their specified threshold values 
under the “Alert” condition. 

“Dangerous” condition: “Dangerous” condition denotes 
the WT runs with the fault. During the period of 
“Dangerous” condition, the prediction errors of some indices 
rapidly increase and frequently exceed the specified limits 
(i.e. ±3σ). 

 
5.2 The BPNN based assessment model 

 
NNs have been widely used in pattern recognition, 

nonlinear optimization, automatic target recognition, 
robotics, expert systems and many other fields. In this 
study, the BPNN algorithm is used for the condition 
assessment of WTs. Fig. 10 shows the structure diagram of 
NN model for condition assessment. The inputs to the 
BPNN are the ALIs of the assessment indices. Since there 
are 21 indices for monitoring WT conditions (Table 1), 
the input layer has 21 neuron nodes. The weight of the 
established BPNN model was optimized using the 
Levenberg-Marquardt iterative algorithm [43]. The transfer 
functions used in the hidden and the output layers are the 
tan-sigmoid and the linear functions, respectively. The 
output layer owns 3 neuron nodes corresponding to the 
three WT operating conditions (i.e. “Normal”, “Alert”, and 

“Dangerous”), which is denoted as O = (o1, o2, o3)T = (1, 0, 
0)T, (0, 1, 0)T, and (0, 0, 1)T, respectively. The condition 
assessment result of the WT corresponds to the maximal 
value of the O vector: omax = max(oj) (j = 1, 2, 3). 

 
5.3 Data sampling and network construction 

 
“Normal” condition: Fig. 11 shows the wind speed 

probability distributions at several WTs in the studied 
wind farm. It can be seen that most of the wind speed data 
are distributed in the range from 3 m/s to 17 m/s. For the 
capability of the assessment model for generalization, the 
data selection for WTs classified under the “Normal” 
condition is conducted as follows: The range of the wind 
speed is divided into 14 intervals (i.e. 3 m/s to 4 m/s, 4 m/s 
to 5 m/s,···, 16 m/s to 17 m/s). By applying the fixed-size 
moving window (seen in Section 4), the ALIs of 
assessment indices and the 24-hour average wind speed 
can be calculated. Based on this, a datum from each wind 
speed interval is randomly selected. All selected data are 
collected to form a data group, with each group containing 
14 data points. A total of 25 data groups are randomly 
selected, amounting to 350 data points. 

“Alert” condition: The assessment index is considered 
abnormal if more than three subsequent values of the 
prediction error exceed the allowable limits (i.e. ±3σ). ALIs 
of the assessment indices during the period from the first 
anomaly to the occurrence of the fault are selected as the 
“Alert” data. In this work, the same amount of data points 
are selected for each fault, yielding 350 data points.  

“Dangerous” condition: “Dangerous” data indicate the 
condition of WTs running with fault. Based on ALIs of the 
assessment indices during “Dangerous” condition, the 
same number of data points are chosen for each fault, 
resulting in 350 data points. 

Different three-layer BPNNs have been trained to 
determine an appropriate number of nodes in the hidden 

 

Fig. 10. Structure diagram of BPNN model for condition 
assessment 

 

 
Fig. 11. Wind speed probability distributions of five WTs

(a) Standard errors with different nodes in the hidden layer

(b) Accuracy rates with different nodes in the hidden layer

Fig. 12. Results of BPNN with different nodes in the 
hidden layer
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layer. Given that there is no exact formula to determine the 
number of nodes in the hidden layer, neural networks with 
5 to 51 nodes in the hidden layer are trained. Consequently, 
47 types of BPNN models have been trained and compared, 
and every model is trained and tested for 20 times to find 
the best network structure among the 47 possible models. 
The sample data of each condition (350 data points) are 
randomly divided into 19 groups (266 data points) of 
training data and 6 groups (84 data points) of test data for 
each time. The standard errors and the accuracy rates are 
obtained in the tests. The average value of the two training 
parameters is then obtained, as seen in Fig. 12. The 
criterion of the accuracy rate is based on the following 
conditions: If | o1 - d1 | < 0.1 and | o2 - d2 | < 0.1 and | o3 - d3 
| < 0.1, the output is correct; otherwise, the output is wrong. 
The standard error are calculated as: 

 

 2 2 2
1 1 2 2 3 3

1

1 [( )  ( ) ( ) ]
3

n
i i i i i i

i
S o d o d o d

n =
= − + − + −∑  (8) 

 
where S is the standard error of the results of the 
assessment model; Oi=(o1

i, o2
i, o3

i)T is the vector of the i-th 
testing result; and Di=(d1

i, d2
i, d3

i)T is the vector of 
expected output. 

By considering the standard errors and the accuracy 
rates, the BPNN based assessment model with 14 nodes in 
the hidden layer exhibits the better performance, which is 
used for the condition assessment model in this paper. 

 
 

6. Verification and Analysis 
 
Two cases are selected to validate the proposed WT 

condition assessment method. In case 1, the impact of data 
preprocessing on the effectiveness of condition assessment 
is analyzed. The proposed BPNN model is compared with 
the radial basis function neural network (RBFNN) model, 
the least square support vector machine (LS-SVM) [44] 
model, and the k-NN model in case 2. 

 
6.1 Case 1 

 
The accuracies of the NN Model trained by the 

standardized data (Model 1) and the model trained by the 
preprocessed data (Model 2) are compared. Fig. 13 shows 
the analysis flowchart. The standardized method is given 
as (9). The test dataset (240 data points) contains three 
conditions: “Normal”, “Alert”, and “Dangerous” in the 
ratio 1:1:1. For the “Alert” and “Dangerous” conditions, 
the same amount of data points are selected for each fault. 
These data are randomly divided into 10 groups for testing. 
Table 6 shows the accuracies of Model 1 and Model 2. As 
seen in the table, Model 2 is better than Model 1, which 
indicates that the proposed data processing method can 
increase the accuracy of assessment model. 

Table 6. Accuracies of Models 1 and 2. 

Test data Accuracy of Model 1(%) Accuracy of Model 2(%)
Group 1 77.21 88.13 
Group 2 72.63 89.84 
Group 3 78.32 90.01 
Group 4 83.5 89.18 
Group 5 81.46 87.26 
Group 6 73.16 91.86 
Group 7 71.94 93.61 
Group 8 80.59 89.14 
Group 9 84.05 91.79 

Group 10 74.09 92.52 
Mean value 77.70 90.33 
 

 
Fig. 13. Flowchart of the effect analysis of data processing 
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where Zi is the standardized data; xi is the measured value 
of the assessment index; and x  is the mean value of the 
assessment index. 

 
6.2 Case 2 

 
The proposed BPNN model is compared with the 

RBFNN, the LS-SVM and the k-NN model is this case. To 
facilitate fair comparison, all the approaches are based on 
the same training samples. In RBFNN model, the spread of 
RBF plays an important role in successful application of 
neural networks. In this work, 10-fold cross validation is 
applied to select the optimal spread among some candidate 
values, which ensures that the networks provide the best 
generalization performance. In this way, the spread value is 
chosen to be 5 in this study. For the LS-SVM model, the 
particle swarm optimization algorithm is used to select the 
optimal feature parameters by varying the values of penalty 
factor C and kernel function parameters σ in the ranges 
[1 102] and [10-1 102] [45]. The best parameters obtained 
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for the LS-SVM model are C = 93.68, σ2 = 5.31. For the k-
NN model, the Euclidean distance metric is selected and 
10-fold cross validation is employed to find the optimal k 
value among some candidate values. The best level is 
achieved with the parameter k = 15. 

The four models have been tested 10 times by using the 
10 groups of test data used in case 1. The average accuracy 
and average time consumptions are shown in Table 7. It 
can be seen that the BPNN model has the best accuracy 
with the shortest computing time. 

The condition assessment results regarding the four 
assessment models for a fault of WT generator on May 3, 
2012 and a fault of WT gearbox on July 23, 2012, are taken 
as an example, as shown in Figs. 14 and 15. It can be seen 
that the BPNN model can exactly identify the “Alert” and 
“Dangerous” condition of WT before the generator is out 
of service. However, many vibrations have been found in 
the results of the RBFNN, LS-SVM and k-NN model, 
meaning that those three models may delay to identify the 
“Alert” and “Dangerous” conditions. The BPNN model is 
more stable and with less misjudgment of WT operating 

conditions. 
As shown in Figs. 14 and 15, the ‘Alert’ condition can 

give an early warning of dangerous WT faults. The 
durations of the ‘Alert’ conditions vary and are dependent 
on the fault types. The ‘Alert’ condition in the fault of 
generator lasted for about 6 days in Fig. 14 while the 
‘Alert’ condition lasted about 8 days before the actual 
gearbox fault happened, shown in Fig. 15. 

 
 

7. Conclusions 
 
This paper presented a novel approach for WT condition 

assessment by using SCADA data. Based on the moni-
toring data of a wind farm SCADA system, the indices for 
WT condition assessment were determined and classified 
into three categories. According to the characteristics of 
the different indices, the NN based prediction models 
were developed to extract the useful information from the 
SCADA data to further increase the accuracy of WT 
condition assessment. A new index called ALI is proposed 
to quantify the abnormal level of WT assessment indices. 
The ALIs were used as the inputs to the BPNN based 
assessment model. 

The BPNN based condition assessment method was 
validated using the online data of real 1.5MW WTs. The 
results show that the proposed data processing method can 
increase the accuracy of assessment model. The BPNN 

Table 7. Performance comparisons. 

Model Average accuracy(%) Average testing time(s)
BPNN 90 0.0084 

RBFNN 87.08 0.1532 
LS-SVM 85.42 3.3598 

k-NN 81.58 1.7805 
 

Fig. 14. Condition assessment results of a WT from April 
21 to May 05 

 
Fig. 15. Condition assessment results of a WT from July 11 

to July 27 
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model could effectively estimate the operating conditions 
of WTs and has been verified to be more accurate than 
the RBFNN model, the LS-SVM model and the k-NN 
model in WT condition assessment. The “Alert” condition 
of WTs discussed in this paper for early fault alarming 
has demonstrated to be useful in developing proper 
maintenance strategies for wind farms. In future research 
we will focus on enhancing the applicability of the proposed 
assessment method in large wind farms. Furthermore, 
other operating and fault conditions will be investigated. 
The warning time with respect to different WT faults also 
deserves further study. 
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