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Abstract: The fast-growing wind power industry faces the challenge of reducing operation and
maintenance (O&M) costs for wind power plants. Predictive maintenance is essential to improve wind
turbine reliability and prolong operation time, thereby reducing the O&M cost for wind power plants.
This study presents a solution for predictive maintenance of wind turbine generators. The proposed
solution can: (1) predict the remaining useful life (RUL) of wind turbine generators before a fault
occurs and (2) diagnose the state of the wind turbine generator when the fault occurs. Moreover,
the proposed solution implies low-deployment costs because it relies solely on the information
collected from the widely available supervisory control and data acquisition (SCADA) system. Extra
sensing hardware is needless. The proposed solution has been deployed and evaluated in two
real-world wind power plants located in China. The experimental study demonstrates that the RUL
of the generators can be predicted 18 days ahead with about an 80% prediction accuracy. When faults
occur, the specific type of generator fault can be diagnosed with an accuracy of 94%.
Keywords: wind turbine; generator; prediction; diagnosis; SCADA

1. Introduction
With the ever-increasing installation capacity of wind power [1], how to reduce the operation
and maintenance (O&M) costs has become a growing challenge for wind farms. O&M costs account
for approximately 10–15% and 20–25% of the overall energy generation cost for onshore and offshore
wind power plants, respectively [2]. In particular, wind turbine downtime significantly reduces the
reliability of wind power and increases O&M costs [3,4]. Condition monitoring systems (CMSs) that
provide predictive maintenance have been developed and deployed in wind farms to help improve
wind turbine reliability and reduce O&M costs [1,5]. Using CMSs, the faults of the major wind turbine
components can be predicted in the early stages to prevent further fault escalation. In addition,
when failures occur, CMSs can perform an on-the-fly fault diagnosis to identify the specific failure type
and help reduce the repair time and cost.
A wind turbine is typically composed of the following key components [1]: generator system,
blades/pitch system, yaw system, convert system, gearbox system, and other systems. The generator
accounts for approximately 10% of the overall wind turbine cost, the faults of which are a major cause
of downtimes [1]. For the two wind power plants studied in this paper, there are more than ten types
of faults. Generator faults account for the greatest downtime (37%) among all faults. Figure 1 shows
the distribution of downtime per system for the two wind power plants. The goal of this work is to
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develop fault prediction and diagnosis methods with good service accuracy and low deployment costs
for wind turbine generators.
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Figure 1. Percentage of downtime per component for two wind power plants in China.

Recent research work has tried to tackle this problem. The most effective methods are based on
purpose-designed CMSs [6], which integrate condition monitoring to the supervisory control and data
acquisition (SCADA) systems [1]. However, high deployment cost is the primary limiting factor for
existing purpose-designed CMSs. These purpose-designed CMSs have to rely on high-frequency (e.g.,
2 kHz for shaft vibration or 20 kHz for gearbox vibration) sensing devices to support wind turbine
fault detection with sufficient accuracy. Thus, expensive extra sensing devices are required in this
system. Therefore, high deployment costs of purpose-designed CMSs have seriously limited their
adoption. Compared with purpose-designed CMSs, there are also some methods that are based on
SCADA systems. A SCADA system provides minute-level data sensing resolution, which has been
considered inadequate to support accurate fault detection and prediction [6]. These methods usually
do not rely on extra expensive devices, hence avoiding additional deployment costs.
This paper first discusses the challenges of using SCADA to support generator fault prediction
and diagnosis. It then presents an unsupervised learning method to perform generator fault prediction,
remaining useful life (RUL) estimation and fault type diagnosis. Two wind power plants have been
adopted in the proposed work. The experimental study demonstrates that the proposed prediction
model can provide: (1) sufficient lead time for operators to schedule maintenance activities before
generator faults occur and (2) accurate diagnosis of the specific fault types of the wind turbine when
faults occur. The contributions of the work are summarized as follows.
1.

2.

3.

We have conducted an extensive analysis of data (containing SCADA data and status data)
collected by SCADA systems. We propose a data preprocessing procedure for the data, which
mainly includes four steps: data cleaning, feature selection, feature reduction, and data set
balancing. In particular, principal component analysis (PCA) is used to identify suitable features
which can capture generator fault changes. The synthetic minority over-sampling technique
(SMOTE) is used to tackle the imbalance characteristics of the data set with better accuracy.
We have developed a solution containing a prediction model and diagnosis model. In the
prediction model, the wind turbine generators’ remaining useful life (RUL) is predicted using
an unsupervised clustering method. Also, a notion, the anomaly operation index (AOI), is
proposed for better visualization of the wind turbine generators developing fault trajectories.
We also present a RUL estimation method to predict generator RUL. The diagnosis model is
a complementary tool for fault prediction. In the diagnosis model, we compare widely used
classifiers and choose the most appropriate classifier for combination with the SMOTE for accurate
fault diagnosis.
The proposed solution has been adopted and evaluated using two wind power plants located
in China. Experimental results show that emerging generator faults can be predicted 18 days
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ahead with about 80% accuracy. In addition, the diagnosis model can be a complementary tool
for classifying generator failure types with over 94% accuracy when they occur.
The rest of this paper is organized as follows. Section 2 surveys the related work. Section 3
discusses the challenges for wind turbine generator RUL prediction and fault diagnosis via SCADA
systems. Section 4 analyzes the characteristics of the data set that we use and presents the data
pre-processing process. In Section 5, we present a solution that integrates a prediction model and
diagnosis model for wind turbine generators. Experimental results are presented in Section 6. Finally,
we conclude this work in Section 7.
2. Related Work
Many previous studies have conducted fault prediction and diagnosis using SCADA systems.
Two comprehensive reviews of existing approaches for fault diagnosis are provided by Lu et al. [2] and
Márquez et al. [5]. These methods focused on detecting gearbox faults [7–9], blades/pitch faults [10,11],
drive train faults [9,10], and main bearings faults [12–14].
Often, occurring faults can be detected by monitoring the temperature variation for the major
components of wind turbines. Zaher et al. revealed that the increasing temperature of gearbox oil could
indicate a fault in the gearbox [7]. They predicted the temperature of gearbox oil using the artificial
neural network (ANN) model. The residuals between the model output and the actual signals collected
by SCADA system are used to determine whether a fault is present or not. Kusiak et al. identified
over-temperature events of bearing faults by capturing the relationship among input signals collected
by the SCADA system, in which ANN models were also used [13]. Zhang et al. [14] investigated a wind
turbine’s main bearing faults also using the ANN method. Schlechtingen et al. compared the detection
efficiency for bearing faults and the stator temperature anomalies using a regression model and an
ANN model [12]. Yang et al. mainly focused on detecting incipient wind turbine blades and drive train
faults by investigating the correlations among the relevant SCADA data. They provided a suggestive
list that maps some relationships of signals collected by SCADA data to a fault [10]. Kusiak et al.
explored status data provided by SCADA system to offer fault prediction for most frequent faults
on four wind turbines for three months [15]. Although the prediction accuracy of fault category is
somewhat lower, their study offered new insights, which help to design fault prediction approaches
using status data. Building on top of the previous works, this work: (1) conducted detailed data
analysis and feature selection for generator fault diagnosis and prediction; and (2) combined the
SCADA data with status data for fault diagnosis.
There are some works that aimed at detecting faults occurring on one subsystem of a generator
system. The temperature change was used to indicate a generator ventilation system failure [9].
A hybrid model was developed to detect generator cooling system fault in [16]. Our work is different
from these methods in the following aspects. Firstly, this study focuses on the overall generator system,
while the works above focused on one subsystem of a generator. Secondly, for the first time, our study
proposed a solution which combined generator fault diagnosis and prediction.
3. Challenges
Tackling generator fault prediction and diagnosis via SCADA systems can be viewed as finding
faulty generator behaviors that do not conform to expected normal behavior from SCADA data.
A straightforward anomaly detection approach, therefore, can be used for the purpose. Unfortunately,
such an approach is challenging for several reasons.
The primary challenge in generator fault prediction and diagnosis via SCADA systems is
designing a meaningful and actionable data analysis method. Using the method, the normal behavior
which encompasses every possible normal operational status for wind turbine generators is modeled.
Thus, non-conforming behaviors can be recognized. However, compared with purpose-designed
CMSs that collect high-frequency data such as acceleration and acoustic emission, SCADA systems
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are not initially designed for condition monitoring purposes. As such, they receive only limited
and low-frequency signals, e.g., power output, mechanical velocity, and temperature. Therefore,
it is challenging to capture incipient faults behaviors from the raw SCADA data without effective
data analysis. Nevertheless, SCADA systems provide information which can potentially reveal the
normal condition of wind turbines. A power curve has been widely used to detect wind turbine
faults. More specifically, the correlation between wind speed and active power output collected
by SCADA data is compared against the standard power specification provided by the equipment
manufacturer. Figure 2a shows a wind turbine that operates properly. Figure 2b shows a wind turbine
that experiences a fault. However, it is difficult to identify the exact cause, or develop fault progression
trajectory and perform fault prediction and diagnosis.
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Figure 2. Power curves of a wind turbine in a normal condition (a) and a developing fault condition
(b) with the same sampling resolution.

Variable-speed operation and the stochastic characteristics of aerodynamic load pose another
challenge for fault prediction and diagnosis. For instance, the high-speed shaft is one of the main
components of the generator system. In general, the higher the wind speed, the higher the load of
the shaft. The higher the load, the greater the possibility of fault [2], because the load is acting on the
shaft due mainly to the reaction of the contact forces. This reaction force is directly proportional to the
torque transferred between the rotor and generator. Shaft torque measurements have been employed
for shaft fault detection due to high load [2,17]. Although SCADA systems do not collect shaft torque,
we can still use the following equation to derive the torque.
Q=

P
ω generator

(1)

where Q is the torque, P is the generator active power, and ω generator is the generator´s rotational speed.
However, firstly due to random environmental factors, an instantaneous superior torque may not
suggest a fault. Secondly, due to inherent variable-speed operation characteristics of a wind turbine
(e.g., the generator´s rated rotational speed is 1800 rpm and the generator´s rotational speed range
is 1000 rpm–2000 rpm in this study, Sinovel, Beijing, China), faults are usually not in the form of
excessive torque, but in the form of continuous disproportion between wind speed and torque, or
wind speed and active power. For instance, a fault occurred in wind turbine number 23 in March 2014.
Figure 3a shows the variation of active power with wind speed. Figure 3b illustrates the variation of
torque with wind speed. We can infer that the wind turbine may have been experiencing a developing
fault in February 2014. The active power and torque of most instances are lower than that of the past
months under the same wind speed. However, not all the instances of active power and torque are
lower than those of the previous months under the same wind speed. This also suggests that generator
degradation is usually an accumulation process (e.g., in days or months) rather than an instantaneous
action (e.g., in minutes).
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Figure 3. Active power vs. speed (a) and torque vs. wind speed (b).

Another challenge to implementing generator fault diagnosis is the data set, which is highly
imbalanced. A data set is imbalanced if the classes (majority class and minority class) are not
approximately equally represented [18]. For fault diagnosis, our goal is building a classifier to
distinguish the wind turbines’ fault status and normal status. Each instance in the SCADA data is
labeled as fault or normal according to the status data. The intuition is that most of the wind turbines
are fault-free most of the time. Thus, normal instances in the data set significantly outnumber the fault
instances. Therefore, the data set is imbalanced. We refer to the class containing normal instances as the
majority class. Another class is referred to as the minority class. For the two wind power plants that
we experimented with, six wind turbines had a generator replacement fault. Table 1 summarizes the
instance number in the majority class and minority class. As demonstrated in Table 1, the data set is
highly imbalanced with a very small number of minority instances and a large number of majority
instances. Our decision system targets the rare but important minority class, which causes the data set
imbalance problem.
Table 1. Data set distribution.
Wind Turbine Number

Number of Instances
in the Majority Class

Number of Instances
in the Minority Class

2
10
23
25
27
28

62,782
62,535
63,118
63,964
63,288
59,178

1022
2233
6
4342
1351
4342

4. Data Description and Pre-Processing
4.1. Data Collection
The SCADA data we used in this study were collected over a period of 18 months at two real-world
wind power plants (150 wind turbines). For each turbine, two separate sets of data were provided:
SCADA data and status data. Specifically, the SCADA data contain 58 parameters for each turbine
with a one-minute interval. The status data provide information on fault status. Table 2 shows the
related parameters of each wind turbine in the wind power plants.
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Table 2. Parameters for wind turbines in the two wind power plants.
Parameters

Description/Value

Rated power
Cut_in speed
Cut_out speed
Blade´s rotational speed
Gearbox
Generator´s rotational speed range
Generator´s rated rotational range

1500 kW
3 m/s
20 m/s
9.7 rpm–19 rpm
3 stage, 104.1 overall ratio
1000 rpm–2000 rpm
1800 rpm

4.1.1. SCADA Data
The SCADA data we used in this study were collected for every second. For each turbine,
58 parameters were obtained in SCADA data, which are grouped into four categories.
1.
2.

3.
4.

The condition parameters contain wind speed, wind direction, and ambient temperature, which
can determine the power output of wind turbines.
The health parameters contain main bearing temperature, low-speed shaft temperature, high-speed
shaft temperature, and gearbox oil temperature, which can help analyze the health condition of
wind turbines.
The performance parameters contain rotor speed, impeller speed, generator speed and active power,
etc., which measure wind turbines´ operational performance.
The controlling parameters refer to the programmable logic controller code (PLC) state. There are
17 PLC state codes, which are system initialization, system interrupt, system maintenance, system
power-generating, etc.

4.1.2. Status Data
The status data provide information on fault status, mainly including five parameters: wind
turbine (WT) number, the cause of a fault, the maintenance activities for the fault, the start date for the
maintenance, and the end date for the maintenance. Table 3 shows two examples of the status data.
Table 3. Example of status data collected by supervisory control and data acquisition (SCADA) systems.
WT No.

Fault Type

Cause

Maintenance
Activities

Start Date

End Date

1
28

Blades/pitch system
Generator system

Blade 2 fault
Generator fault

Tightening slip-ring
Replacement

16 June 2015 12:00:00
26 July 2015 03:00:00

16 June 2015 05:24:00
11 September 02:40:00

4.2. Data Cleaning
4.2.1. Removing Errors
The SCADA data and status data collected by a SCADA system are usually contaminated by
errors due to malfunctions in the data collection system. The first step of data cleaning is removing
these errors [19]. We can identify errors based on attribute (field) and record type. Table 4 [19] shows
the errors for the various cases in this study.
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Table 4. Illustration of errors in SCADA data and status data.
Scope/Problem

Reasons/Remarks

Attribute

Missing values
Misfielded values

Unavailable values during data entry (dummy values or null)
Data entry is not at the appropriate position

Record type

Duplicated records
Contradicting records

Same record represented twice
Record with the same key is described by different values

4.2.2. Re-Sampling
After removing the errors, the SCADA data are re-sampled. Since the 10-min sampling interval
has been widely adopted in existing SCADA-based fault prediction and diagnosis literature [7,12],
we re-sampled the data using the ten-minute interval. All the entries in the re-sampled data are
equated every ten minutes. Note that, according to [20], we should guarantee that the data integrity
for every minutes minutes is larger than 90%. The following equation defines the data integrity.
Data Integrity =

Nreal − Nmissed − Ninvalid
× 100%
Nreal

(2)

where Nreal is the number of instances that should be measured in ten minutes (600 instances) by
SCADA data, Nmissed is the number of missing instances, and Ninvalid is the number of instances that
contain errors.
4.3. Feature Selection
Since not all features in SCADA data are related to generator faults, we first need to identify the
subset of the features collected by the SCADA system that reflects generator operation states. More
specifically, the features that allow us to analyze generator faults fall into the first, second, and third
categories in Section 4.1.1 [21]. Table 5 summarizes the selected features and potential correlations for
generator fault prediction and diagnosis purposes.
Table 5. Features and reasoning rules for predicting the remaining useful life (RUL) and fault diagnosis
of the wind turbine generators.
SCADA Features

Reasons for Wind Turbine Generator Fault Prediction and Diagnosis

wind speed
ambient temperature
rotor speed
generator rotational speed
generator active power
generator reactive power
temperature of main bearing
temperature of low-speed shaft
temperature of high-speed shaft

(1) miscorrelation of wind speed and generator active power indicates a
fault in wind turbines [21];
(2) miscorrelation between generator speed and generator active power
indicates a fault in generator [10];
(3) miscorrelation between generator speed and generator reactive
power suggests an electrical fault in the generator [10];
(4) anomalous temperature changes caused by heat transfer can be
helpful for figuring out the trajectory of a generator fault [9];
(5) shaft torque calculated in Equation 1 reflects the generator’s load [2],
and it can be used as an indicator for a generator fault.

4.4. Feature Reduction
The features defined in Table 5 are selected based on insights from domain experts. However,
these features contain some level of redundancy. For instance, the temperature of low-speed shaft and
temperature of high-speed shaft are closely related. Their Pearson correlation coefficient is larger than
0.98. The active power and reactive power are also closely related. Their Pearson correlation coefficient
is larger than 0.95. To better describe data, we should combine these similar features into a single
feature [22]. Otherwise, the redundancy in the features will affect the model performance [23]. Principle
component analysis (PCA) achieves the process of combining the similar features. PCA was proposed
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by Wold et al. [23], which aimed at transforming the original features into a set of linear combinations.
We adopted PCA here to find the optimal combination (i.e., components) of features while accounting
for more information of original features. All features in Table 5 are used in subsequent analysis.
We restrict the major two components accounting for at least 97.44% of the variance of the input
features.
4.5. Data Set Balancing
Handling imbalanced data sets is usually accomplished by generating a balanced data set. There
exist two kinds of techniques to balance data sets: under-sampling the majority class technique [24] and
over-sampling the minority class technique [25]. An under-sampling technique works by removing
some instances in the majority class. This method is prone to discarding potentially useful data [25].
For the case of the support vector machine (SVM) classifier used in this study, removing well inside
instances in the majority class has no effect, however removing margin instances may significantly
affect the performance of the SVM classifier. In this study, to avoid the removal of potentially useful
instances, we use the over-sampling technique to balance the data set. Also, to avoid making exact
copies of existing instances in over-sampling techniques, we use the SMOTE [25] to avoid over-fitting.
SMOTE works by creating synthetic examples so as to balance the data set. More specifically, SMOTE
considers the differences between each instance in the minority class and the N nearest neighbors
of each instance. First, the SMOTE identifies the N nearest neighbors for each instance in the
minority class. Then, the SMOTE chooses N random points along each line segment between the
instance and each chosen neighbor. The N random points are the synthetic examples. The number
of nearest neighbors N determines the amount of the over-sampling. For instance, if the amount of
over-sampling needed is 10 × 100%, only ten neighbors are randomly chosen. Based on SMOTE [25],
the detailed procedure of balancing the optimal subset of features is presented in Algorithm 1. Our
implementation currently uses 28 nearest neighbors because the training set will be balanced if the
amount of over-sampling is 28 × 100% as shown in Section 6.
Algorithm 1 BalancingFeaturesSpace (M, N, kk)
Require: Minority class M = { M1 , M2 , . . . , MT } (T is the number of minority class instances) in
optimal features subset; Amount of SMOTE N × 100% (N > 0); Number of nearest neighbors kk.
Ensure: T ∗ N synthetic instances in minority class.
for each instance Mi in minority class M do
1 , N 2 , . . . , N kk };
Compute kk nearest neighbors NMi = { NM
Mi
Mi
i
while N 6= 0 do
j
Randomly choose one neighbor NM from NMi ;
i
j
j
Compute the distance d( NM , Mi ) between NM and Mi ;
i
i
Generate a random gap g j (0 ≤ g j ≤1);
j
j
Generate a synthetic instance SIi = Mi + g j ∗ d( NM , Mi );
i
N = N − 1;
end while
end for
5. Prediction and Diagnosis Solution
In this work, we propose an integrated prediction and diagnosis solution based on machine
learning techniques and statistical techniques via SCADA systems. Figure 4 gives an overview of
the proposed solution. The solution consists of two layers: the data layer and decision support layer.
The data layer contains the data collected by SCADA systems. The decision support layer includes
the process of data pre-processing and two models: the prediction model and diagnosis model. In the
prediction model, we first use an unsupervised learning method to cluster the operational state of
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Data Layer

generators so as to estimate the RUL of a generator. The diagnosis model implements the mapping from
feature space to state space for a generator through supervised classification method. The prediction is
more difficult than diagnosis since its accuracy is subjected to the stochastic process of failure events
that are yet to occur. Nevertheless, the prediction cannot completely replace diagnosis since diagnosis
can be a complementary tool for providing maintenance decision support in the case of unsuccessful
prediction [26]. The following subsections describe the details of prediction and diagnosis models.

SCADA data

Status data

Decision Support Layer

Data pre-processing

Unsupervised
fault detection

Supervised fault
classification

RUL prediction

Verification with
status data

Prediction model

Diagnosis model

Figure 4. Overview of the integrated wind turbine generator fault prediction and diagnosis solution.

5.1. Prediction Model
The prediction model focuses on capturing a generator’s unhealthy operational state before a
fault occurs, and further predicts the generator’s remaining useful life (RUL). A generator’s unhealthy
state refers to the long degradation process with respect to a developing fault.
As discussed in the earlier work [21], there exists a pure intuition that most of the generators
function most of the time healthily, and faults rarely occur. For the top three components output
from the process of data-preprocessing, the largest and densest cluster exists. Most of the instances
that reflect a generator’s healthy operational state belong to this cluster. Other instances that reflect
a generator’s unhealthy state do not belong to this cluster. Thus, density-based spatial clustering of
applications with the noise (DBScan) method that relies on the formation of clustering by the density
of instances is appropriate. According to the above intuition, we assign instances which belong to the
densest and largest cluster as healthy instances. Instances that do not belong to the cluster or noise
can be considered as unhealthy instances. Generator state change from healthy to unhealthy is an
accumulation process rather than an instantaneous process. Therefore, an instantaneous unhealthy
state may not suggest a fault due to random environmental factors. The continuous unhealthy state
can indicate a developing or developed fault. Thus, the anomaly operation index (AOI (t)) is proposed
to measure a wind turbine’s performance over a period of historical time t [21]. AOI (t) is defined
as Equation 3, which reflects the proportion of unhealthy instances to all instances during a time
period of t.
AOI (t) = 1 − mqi /mq
(3)
where mq is the number of instances during period t, and mqi is the number of instances that belong to
the largest and densest cluster. AOI can be an indicator of a wind turbine generator´s performance
for a period. A larger AOI indicates a higher possibility of wind turbine performance degradation
over a given time. At last, we should determine how much time is left before a fault will occur if an
AOI value is given. The step is also called RUL estimation. RUL is defined as the conditional random
variable [26].
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τt0 − τt |τt0 > τt , AOI (t)

(4)

where τt0 denotes the random variable of time to a fault, τt is the current age, and AOI (t) is the
generator condition profile up to the current time t. Overall, the key steps of the prediction model are
summarized as follows:
step 1: Cluster the instances with top two components derived from the data pre-processing
process using the DBScan algorithm.
step 2: Generate AOI (t) during a time period of t.
step 3: Determine the characteristics of AOI (t) combining the autoregressive integrated moving
average model (ARIMA) model [27].
step 4: Obtain the current RUL for a generator.
Algorithm 2 presents the detailed procedure of predicting a generator’s RUL.
Algorithm 2 Prediction (I, α, β, τ)
Require: the instances set I = { I1 , I2 , . . . , Imm } over a period of time mm; the smooth window α;
the boundary from normal to abnormal β; weight related to actual remaining useful life τ =
{τ1 , τ2 , . . . , τmm } at any time slot for a normal wind turbine.
Ensure: remaining useful life RULt at time t.
Cluster the set I.
Initialize the anomaly index container AOI = { AOI1 , AOI2 , . . . , AOIdmm/αe };
for each AOIk ∈ AOI do
Calculate instance number nn in the largest and densest cluster for a time period over (k − 1) ·
α + 1 to k · α.
AOIk = 1 − nn/α;
end for
Initialize a counter container z = {z1 , z2 , . . . , zdmm/αe };
for each element z j in z do
if AOIj ≥ β then
z j = 1;
else
z j = 0;
end if
end for
dmm/αe
return RULt = ∑i=1
zi · τi ;
5.2. Diagnosis Model
To use SCADA systems to monitor the operation state of generators, mapping from the feature
space to the state space (i.e., [features]→{fault, normal}) is required. A classifier can accomplish this
process. Although previous studies suggest some classifiers [22,28], including support vector machine
(SVM), k-nearest neighbors (KNN), artificial neural network (ANN) and naive Bayesian, we still need
a best-suited classifier that can distinguish the different states of wind turbine generators.
5.2.1. Support Vector Machine
SVM is widely used for classification and regression purposes [29]. When SVM is adopted for
classification, its excellent generalization ability has been demonstrated [30]. This ability can be
shown through building a model so as to separate marked inputs by a gap that is as wide as possible.
The model categorizes instances that are to be classified into different classes.
For a given instance xt = ( xt1 , xt2 , · · · , xtn ), n is the number of features and t is the time. Let
yt be the state (class) at time t and yt ∈ {−1, +1}, where yt = −1 stands for the fault state and

Energies 2017, 10, 1210

11 of 17

yt = +1 represents the normal state. For the binary classification problem, the decision function can
be described as [31]:
n

f (x) =

∑ αi yi K(x, xi ) + b

(5)

i =1

where xi are support vectors, and K ( x, xi ) is a kernel function that maps the data to a
higher-dimensional space. In our later experiments, we conduct classifying with the LIBSVM library
provided by Chang and Lin for the wind turbine generator state classification [32].
5.2.2. K-Nearest Neighbor
KNN is a non-parametric machine learning algorithm, and it is usually used for classification.
KNN works first by storing all distances among marked instances and the instances’ labels [28,33].
Then, KNN realizes a classification for each instance by using a majority vote of its k neighbors [33].
That is, each instance to be predicted is assigned to the class that is most common amongst its k most
similar neighbors. For instance, given an instance xi , KNN finds the k most nearest
instances to xi
q
in the training set. In this study, we use the Euclidean distance, d( xi , x j ) = ∑ns=1 ( xis − x js )2 , to
measure the distance metric between two instances xi and x j . In the later experiments, we empirically
determined k = 3.
5.2.3. Artificial Neural Network
The ANN is also widely used for classification and regression problems [28]. In this study, we use
ANN for classification purposes. A three-layer neural network model is adopted here, and we use the
back propagation algorithm to train the model. In the training process, features instances are adopted
as an input layer. We empirically determine five hidden neurons as a hidden layer. The bipolar sigmoid
function is used as an activation function to realize classification. In the testing phase, each instance xi
that is to be classified is inputted into the trained network to obtain the prediction output.
5.2.4. Naive Bayesian
The naive Bayesian classifier is based on the assumption that all classes have conditional
independence [28]. The naive Bayesian classifier performs calculation of the posterior probability
that a feature x belongs to a given class c, P(c| x ). More specifically, P(c| x ) is defined as the
following equation:
P( x |c) · P(c)
P(c| x ) =
(6)
P( x )
where P(c) is the prior probability of class c. P( x |c) is the likelihood probability that a feature x belongs
to a given class c. P( x ) is the prior probability of feature x.
6. Experiments and Results
In this section, we evaluate the proposed generator fault prediction and diagnosis method. First,
we assess the overall prediction performance. We then implement the SVM, ANN, KNN, and naive
Bayesian classifiers to identify generator fault status. After evaluating the performance of the different
classifiers, the SMOTE is combined with the different classifiers to balance the data set. Thus, the best
classifier is chosen based on the performance evaluation of these classifiers.
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6.1. Evaluation Metrics
6.1.1. Prediction Performance Metrics
To evaluate the accuracy of RUL prediction, the prediction accuracy for a certain prediction step t
is calculated using Equation (7).
Accuracy = 1 −

|τt∗ − τt |
τt

(7)

where τt∗ is estimated RUL at t-th day ahead and τt is actual RUL at t-th day ahead.
6.1.2. Diagnosis Performance Metrics
To evaluate the accuracy of the proposed fault diagnosis method, we refer to a correctly classified
instance in the minority class as a true positive classification (TP). A true negative classification (TN)
relates to a properly classified instance in the majority class. In addition, false positive (FP) and false
negative classifications (FN) correspond to incorrect classification for instances in the minority class
and majority class, respectively.
The classification accuracy gives a measure of how often the classification is correct. For a
classifier, it is thus computed as the ratio of the number of correct classification to the total number of
classification. Specifically, Equation (8) defines the classification accuracy.
ACC =

TP + TN
TP + TN + FP + FN

(8)

However, the classification accuracy ACC may only partially describe a classifier’s performance
because it does not consider the misclassification cost. On the one hand, a true positive (TP) increases
the efficiency of fault diagnosis, which means the generator fault status can be revealed correctly.
True positive rate (TPR) in Equation (9) denotes the frequency.
TPR =

TP
TP + FN

(9)

On the other hand, a true negative (TN) increases the reliability of fault diagnosis, which means
the normal status can be identified correctly. We use true negative rate (TNR) to quantify the frequency
of such classifications.
TNR =

TN
TN + FP

(10)

The ideal result is that all fault instances are classified correctly, and no normal instances are
misclassified as faults. The larger the ACC, TPR, and TNR, the better the detection results.
6.2. Overall Performance
6.2.1. Prediction Performance
The performance degradation of wind turbines lasted for about 44 days until a fault occurred,
and similar phenomenon is observed on other wind turbines [21]. Therefore, we use predictions
at M = 30, M = 40, M = 50, and M = 60 days ahead as baselines to predict a fault, respectively.
Figure 5a shows the prediction accuracy of RUL for the five turbines experiencing generator fault.
As shown in Figure 5a, there is a general trend that the average prediction accuracy improves as the
required repair and maintenance lead time decreases. Although there is a slight fluctuation caused by
stochastic of wind turbines operation in the curve, the overall trend is clear. Figure 5b shows the mean
accuracy. As shown in Figure 5b, the fewer days used to predict in advance, the higher the accuracy.
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More specifically, the average prediction accuracy is about 80% if the required repair and maintenance
lead-time is 18 days ahead.
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Figure 5. Prediction accuracy of RUL with different days ahead (a); Mean prediction accuracy of
RUL (b).

6.2.2. Diagnosis Performance
This subsection consists of three experiments. In the first experiment, we examine the diagnosis
performance of the underlying behavior of each of the aforementioned classifiers: ANN, KNN, SVM,
and naive Bayesian. Then, we discuss whether these classifiers are suitable for generator fault diagnosis.
In the second experiment, we evaluate the diagnosis performance of each classifier combined with the
SMOTE. We also assess the performance of each classifier regarding the area under the curve (AUC) of
receiver operating characteristic (ROC) curve. In the last experiment, we discuss the impact of SMOTE
and choose the most suitable over-sampling degree N.
To make sure that the classifier is not over-fitting the data, we divide the data into training and
test sets. We select wind turbine number 10 randomly as the training set and other turbines as the
test set.
Table 6 shows the accuracy of different classifiers. The best performance of different classifiers
is indicated in bold print. As Table 6 demonstrates, overall, there is no best classifier for maximizing
TPR, TNR and ACC simultaneously. The main reason is that the different classifiers are suitable for
various scenarios. The KNN classifier performs best in identifying TNR, as the classifier is dedicated
to finding the nearest neighbors. Negative instances in the data set are very dense, so KNN has a
good ability for identifying TNR. The ANN classifier performs best in identifying TPR and ACC, as
it is based on the data characteristics of finding the non-linear relationship between the feature and
the corresponding status. On the other hand, the highest TPR only achieves an accuracy of 71.15%.
This is mainly because the data set is imbalanced and instances in minority class are far fewer than the
number of instances in majority class. Therefore, TPR is low regardless of classifiers.
Table 6. Classification accuracy for different algorithms before the training set is balanced. ANN:
artificial neural network; KNN: k-nearest neighbors; SVM: support vector machine; TPR: true positive
rate; TNR: true negative rate; ACC: classification accuracy.

TPR
TNR
ACC

ANN

KNN

SVM

Naive Bayes

0.7115
0.9859
0.9821

0.2741
0.9975
0.9759

0.4025
0.9936
0.9796

0.4198
0.9827
0.9642

After using the SMOTE, TPR increases significantly for an SVM classifier if the data set is balanced.
The highest TPR is 96.34% if the minority class is over-sampled by SMOTE at N × 100% of its original
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size, where N is 28. When N is up to 28, the majority and minority class are approximately equally
represented in the training set, that is the training set is balanced. Table 7 shows the accuracy of
different classifiers when N is 28. As shown in Table 7, the SVM classifier works best in identifying
TPR, but the KNN classifier works best in recognizing TNR and achieving the highest ACC. Therefore,
we still cannot choose the best classifier from Table 7.
Table 7. Classification accuracy for different algorithms after the training set is balanced.

TPR
TNR
ACC

ANN

KNN

SVM

Naive Bayes

0.7840
0.9294
0.9259

0.2808
0.9973
0.9758

0.9634
0.9476
0.9480

0.4862
0.9735
0.9583

For a class imbalance problem, it is true that a good performance can be achieved by always
reporting the largest state. As shown in Table 6, all TNRs are larger than TPRs. Figure 6c shows that
TPR increases significantly for the SVM classifier after using the SMOTE. ACC and TNR decrease
slightly as N increases, while TPR increases significantly. Figure 6a,b,d show that there are no such
results for other classifiers.
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TNR

ACC
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0.6
0.4
0.2

1.2
%Performance

%Performance

1.2

1.0

0.4
1 3 5 7 14 21 28
Degree of Minority Over-sampling
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(b)

ACC
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Degree of Minority Over-sampling
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1.2
%Performance

%Performance

1.0

TPR

ACC

0.6

(a)
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(d)

Figure 6. Different classifiers: (a) the ANN classifier; (b) the KNN classifier; (c) the SVM classifier and
(d) the Bayes classifier.

Since the SVM classifier clearly dominates others over the entire performance space, we use the
AUC to determine the best classifier for our application. ROC is depicted in the scenarios that minority
class is over-sampled by the SMOTE at N × 100% of its original size, where N is 1, 3, 5, 7, 14 and 28,
respectively. Figure 7 shows the AUC scores for different classifiers. From Figure 7, we observe that
SVM compares favorably to all the other classifiers regarding AUC. Thus, in the later experiments, we
will choose the SVM classifier as the most suitable classifier.
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Figure 7. Average prediction accuracy of RUL for six wind turbines. AUC: area under the curve.

Finally, we analyze the performance of the SVM classifier under the different degrees of
over-sampling. The minority class is over-sampled by the SMOTE at N × 100% of its original size,
where N is 1, 3, 5, 7, 14, 21 and 28, respectively. As shown in Figure 6c, ACC and TNR decrease
slightly as N increases, and they are approximately equal at the same N. TPR, however, increases as
N increases significantly. This is because the classifier will pay more attention to the instances in the
minority as the degree of these instances over-sampling increases. Figure 8 shows the corresponding
ROC curve. In particular, TPR increases mostly when N varies from 1 to 7 because support vectors
increase significantly in the early stage of instances in the minority over-sampling. When N is larger
than 14, the decrease of ACC and TNR and the increase of TPR tend to be stable because the data set
tends to balance. Thus, we can choose N = 14 to conduct the diagnosis experiments.

True Positive Rate

1

SVM

0.8
0.6
0.4
0.2
0

0

0.2

0.4
0.6
False Positive Rate

0.8

1

Figure 8. ROC curve for the SVM classifier under the different degrees of minority over-sampling.
ROC: receiver operating characteristic.

7. Conclusions
This paper presents a solution for wind turbine generator RUL prediction and fault diagnosis,
which has been adopted by two real-world wind power plants. The experimental study shows that,
using the proposed method, wind turbine generator RUL can be predicted with about an 80% accuracy
18 days ahead. The generator faults can be diagnosed with a 94% accuracy when they occur. Compared
with purpose-built CMSs equipped with special high-frequency data sensing hardware, the proposed
method is cost-efficient, as it relies solely on the information provided by widely available SCADA
system and does not require additional installation of purpose-built data sensing equipment for wind
power plants.
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