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Abstract—In this paper, we address the problem of predict-
ing wind turbine electrical subsystem fault using time series
data obtained from multiple sensors on wind turbine. While
considering this as a time series classification problem, we
are facing with the challenge that there is no explicit label
information regarding the temporal location and duration of
symptoms of the fault. Besides, significant data variation caused
by both external and internal factors make the identification
of change point non-trivial. To address these challenges, we
propose a soft label SVM method where the probability of fault
instead of binary label is used to train classifier to handle the
uncertainty in label information. The probability is determined
using temporal information of fault instances. We consider this as
a weakly supervised learning problem. To handle large variation
within data, we perform customized normalization on different
sensor data based on their physical meanings and relationships.
Finally, we evaluate our method on 38 different forced outage
instances. The experiment on real SCADA data obtained from
wind turbines show promising results where we can predict the
triggering of fault 18 hours beforehand with an average AUC
value 0.91.

I. INTRODUCTION

Wind energy as a major renewable natural resource has been
harvested for electricity since early 1900s. As the increasing
need for clean energy and the advancement of power gen-
eration equipment in particular, wind turbine, there is a fast
growth of wind energy consumption since early 2000s. At the
end of 2014, the global total electricity produced by wind
energy is 369.6 GW. The average production growth over the
last 10 years (2005-2014) is about 23%. The projection of
global market consumption need by 2019 is 666.1 GW with
average growth rate at about 12.7% per year [1].

The increasing needs of wind energy result a fast growth
in installation of wind turbines, whose reliability become
a critical issue for the long term profit. There are several
factors contributing to the high maintenance and repair cost
of wind turbines. First of all, modern wind turbine by itself
is a complex system which consists of different components
such as pitch system, gearbox, generator, yaw system, tower,
control system, etc. There are different failure modes caused
by different subsystems with different possible root causes
[2]. Secondly, the location of wind farm is often remote to
residential area and even offshore due to the requirement of
wind condition. Should failure happened, a turbine must be
shut down and specialized engineers need to be dispatched
to perform diagnosis. Additional time will be needed for
component replacement, resulting economic loss.

To increase the reliability of power generation and make
quick response to turbine fault, condition monitoring system
(CMS) [3] is usually installed on the turbine. Real-time
sensor readings and other operation records are collected and
stored in central database through supervisory control and data
acquisition (SCADA) system. Data collection starts when the
turbine is deployed to work. The typical sampling rate is at
the granularity of seconds or sub-seconds. A smoothed stream
of data is obtained by averaging values over a period (e.g. 10
minutes) and stored in central database. Massive amount of
operation data provides a rich resource to analyze the dynamic
behavior and operating condition of wind turbine. This is
where the machine learning techniques can be of potentially
significant help.

In particular, the prognostics of fault based on historical op-
eration data will give more time for the monitoring personnel
to schedule maintenance and avoid catastrophic component
failure which cause irreversible damage to the turbine and
significant economic loss. Nevertheless, the scenario of this
application brings a couple of challenges. First, the timecourse
of fault development is unknown. In other words, the onset and
duration of the signature of a fault is unknown. Second, the
environment condition is constantly changing, resulting a non-
stationary sensor signals. Third, the fault is usually specified
to the level of subsystem of wind turbine. However, multiple
root causes with distinct signatures may exist.

In this paper, we are trying to address these challenges by
formalizing a time series classification problem with uncertain
labels. A review of related work is provided in section II.
Then we formally define the problem and describe proposed
soft label SVM model in section III and IV respectively.
Data processing and experimental evaluation are discussed in
section V. Finally, we make conclusion and point out future
work in section VI.

II. RELATED WORK

In a thorough review on condition monitoring system,
Hameed et al. [4] divided methods of fault detection and
prediction into different categories depending on their focus
during analysis process. The major categories include physical
model based approach, signal analysis based approach and
artificial intelligence based approach. Our approach falls into
the third category with a combination of signal analysis
method for feature extraction purpose. One popular way of
condition monitoring uses SCADA data collected by wind
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turbine controller due to its cost-effectiveness [2]. We also
use SCADA data as our resource for fault prediction. There
is a line of work on fault detection using SCADA data [5],
[6], [7], [8]. Wang et al. [9] summarized different machine
learning algorithms for SCADA data analysis on different
types of fault. However, most of these works are conducted in a
fully supervised fashion where empirical labels differentiating
normal and abnormal is utilized during the training process. In
our work, we do not assume the availability of such labels on
data. Instead, the probabilities associated with different classes
are used in our approach, which exploit the uncertainty in the
data.

Alternatively, identifying abnormality from data can also
be approached by an unsupervised fashion. A closely related
problem is time series segmentation whose goal is to divide
time series into disjoint statistically consistent parts. Time
series segmentation has been studied in a variety of disciplines
including speech signal segmentation [10], context recognition
[11], change point detection [12] and subsequence clustering
[13]. A typical approach is to construct a cost function for the
segmentation on original or some high level representation of
the time series. Then the segmentation algorithm determines
the optimal start and end point for each segment by minimizing
the cost function.

More recently, Hoai and De la Torre [14] extended the
maximum margin clustering framework to temporal data for
joint segmentation and separation of different temporal clus-
ters in time series. However, segmentation is not sufficient
for our problem. First of all, obtaining a meaningful seg-
mentation with multivariate time series is not trivial. More
importantly, direct segmentation ignores the temporal order
of the data points in time series where it is more likely to
observe abnormality as time approaches to the fault event.
Our approach incorporates the uncertainty of label information
into the learning process yet still can take advantage of the
discriminative capability of max-margin framework which is
usually constructed in a fully supervised setting. Therefore, our
approach can be considered as a weakly-supervised learning
method.

III. PROBLEM STATEMENT

A. Definition and goal

We now formally define the time series classification prob-
lem as follows. Suppose we have a multi-dimensional time
series xL = {x0, ..., xL−1}, xi ∈ Rd, ∀i = 0, ..., L−1, where
d is the dimension of each sample and L is the total number of
samples. Let xln = {xn, ..., xn+l−1} (0 ≤ n ≤ L− l, 1 ≤ l ≤
L) denote a subsequence consists of l consecutive samples
with the first sample be xn. Let yln be an integer variable
indicating the label of subsequence xln. In the application of
wind turbine fault prediction, we define three operation status
of turbine. The first status is called normal when the turbine’s
operation satisfies its design specification with minimum risk
of fault. The second status is called pre-fault when the turbine’s
operation satisfies design specification with developing fault
which eventually trip the turbine. Noticing that under the first

two status, turbines are operating. The third status is called
forced outage where turbine is tripped due to fault and loses
power generation. When turbine is tripped, everything stops
working. Thus, the data falls into this category will not be
considered for prognosis purpose. Let yln = −1 corresponds
to the normal status and yln = 1 corresponds to the pre-fault
status. The goal is to learn a mapping function f : Rd → R
with yln = sign(f(xln)) for each length l subsequence in
xL. Figure 1 illustrates a stream of data with shaded color
indicating the developing process of a fault.

B. Assumptions

We assume that the finite time series xL does not contain
any samples with forced outage status. In addition, the forced
outage status proceeds immediately after the last entry xL−1

in xL. In other words, xL covers the temporal scope prior to a
forced outage event. During training, we do not have the labels
for each subsequence xln. We assume that the probability of
being in pre-fault status is non-decreasing as index of sample
gets larger i.e.

P (yln = 1|xln) ≥ P (ylm = 1|xlm), ∀n > m (1)

The motivation of this assumption is that as time gets closer
to a forced outage event, it is more likely for the turbine
operating with some developing fault. We explore a few
different probability assignment functions and compare their
performance in the experiment. To evaluate the performance
of proposed model, we assume the label of testing time series
xL using the following empirical criteria.

yln =

{
−1, if n < n−

1, if n > n+
(2)

where 0 < n− < n+ < L− l. In our experiment, n−, n+, L, l
are pre-defined constants. For the rest of this paper, we omit
L, l in the superscript when the meaning of notation is clear.

IV. METHODS

A. Support vector machines

Support vector machines (SVM) [15] has been widely used
in pattern recognition problems [16]. In particular, for clas-
sification problem, SVM maps data into a high dimensional
feature space and seeks for a hyperplane in feature space
which separates data and maximizes the distance between
decision boundary to the closest data points. Cortes and Vapnik
[17] introduced soft margin idea which allows for mislabeled
sample. We briefly review the formulation of soft margin SVM
and introduce our extension in the next section.

Given a training set of N data points {yn,xn}Nn=1 where
xn ∈ RD is nth sample and yn ∈ Z is the associated label.
SVM is aimed at constructing a classifier of the form

yn ≡ y(xn) = sign(wTφ(xn) + b) (3)
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··· ··· ··· ··· 

Pre-fault time Normal time 

𝑋𝑞 𝑋𝑞+𝑙−1 

A streaming of time series 

𝑋0 𝑋𝑝+𝑙−1 𝑋𝐿−1 

Forced outage Time 

𝑋𝑝 

··· ··· 𝑥0 

Forced outage time 

𝑥𝐿−1 𝑥𝑞+𝑙−1 𝑥𝑞 𝑥𝑝+𝑙−1 𝑥𝑝 

Operating time 

Normal subsequence Pre-fault subsequence 

Fig. 1. Illustration of a time series covering different wind turbine status. Example of normal subsequence and pre-fault subsequence are provided. The shade
becomes darker as time gets closer to forced outage event, indicating an increasing severity of fault development.

where w, b are the model parameters and φ is the feature map-
ping function with proper dimension. The model parameters
are learned by solving the following primal problem.

min
w,b

1

2
||w||2 + γ

N∑
n=1

ξn (4)

s.t. yn(wTφ(xn) + b) ≥ 1− ξn,
ξn ≥ 0, n = 1, ...N

where γ is a parameter controls the trade-off between slack
variables ξn and the margin, which is inverse proportional to
the norm of w.

By introducing Lagrangian multipliers αn, we obtain the
following Lagrangian dual problem

max
αn

N∑
n=1

αn −
1

2

N∑
m=1

N∑
n=1

αmαnymynk(xm,xn) (5)

s.t.
N∑
n=1

αnyn = 0,

0 ≤ αn ≤ γ, n = 1, ...N

where k(xm,xn) = φ(xm)Tφ(xn) is the kernel function.
The use of kernel function can avoid explicit computation
of φ(xn). The objective function in dual problem is convex
to αn and can be solved using quadratic programming. Then
the model parameters w, b can be recovered from the opti-
mality condition w =

∑N
n=1 αnynφ(xn) and the fact that

yn(wTφ(xn)+b) = 1, ∀n ∈ S, where S is the set of support
vectors. During testing, given a new sample x, we obtain the
class label as follows.

y(x) = sign(

N∑
n=1

αnynk(xn,x) + b) (6)

B. Soft label SVM

In standard SVM, the learning of classifier requires the label
yn for each sample xn. To handle the situation where only
the probability of label is available, we propose the soft label
SVM. To be specific, given a training set {u+

n , u
−
n ,xn}Nn=1,

where

P (yn = 1|xn) = u+
n

P (yn = −1|xn) = u−n

We consider binary labels only, thus u+
n + u−n = 1. The goal

of learning is the same as standard SVM where we construct

a classifier in the form of Eq.(3). Now the primal problem can
be written as

min
w

1

2
||w||2 + γ

N∑
n=1

(u+
n ξ

+
n + u−n ξ

−
n ) (7)

s.t. wTφ(xn) + b ≥ 1− ξ+
n ,

−wTφ(xn)− b ≥ 1− ξ−n ,
ξ+
n , ξ

−
n ≥ 0, n = 1, ...N

where ξ+
n , ξ

−
n are slack variables. Essentially, we introduce two

slack variables for each sample to characterize a weighted soft
margin. In the extreme case where either u+

n = 1 or u−n =
1. The summation involves the nth sample in the objective
function reduces to only one term. Eq.(7) reduces to Eq.(4)
i.e. the standard SVM with soft margin.

We now derive the dual problem of Eq.(7). Introducing
Lagrangian multipliers α+

n , α
−
n , µ

+
n , µ

−
n associated with con-

straints on xn, ξ
+
n , ξ

−
n . We have the following Lagrangian

function.

L(w, b, α) =
1

2
||w||2 + γ

N∑
n=1

(u+
n ξ

+
n + u−n ξ

−
n ) (8)

−
N∑
n=1

α+
n (f(xn)− 1 + ξ+

n )−
N∑
n=1

µ+
n ξ

+
n

−
N∑
n=1

α−n (−f(xn)− 1 + ξ−n )−
N∑
n=1

µ−n ξ
−
n

where f(xn) = wTφ(xn) + b. The optimal solution satisfies
the Karush-Kuhn-Tucker (KKT) condition [18].

∂L
∂w

= w −
N∑
n=1

(α+
n − α−n )φ(xn) = 0 (9)

∂L
∂b

= −
N∑
n=1

(α+
n − α−n ) = 0

∂L
∂ξ+
n

= γu+
n − α+

n − µ+
n = 0

∂L
∂ξ−n

= γu−n − α−n − µ−n = 0

α+
n (f(xn)− 1 + ξ+

n ) = α−n (−f(xn)− 1 + ξ−n ) = 0

µ+
n ξ

+
n = µ−n ξ

−
n = 0

f(xn)− 1 + ξ+
n ≥ 0, −f(xn)− 1 + ξ−n ≥ 0

ξ+
n , ξ

−
n ,α

+
n , α

−
n , µ

+
n , µ

−
n ≥ 0

n = 1, ...N.
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Using the equalities and inequalities specified by Eq.9), we
have the following Lagrangian dual problem

max
α+

n ,α
−
n

Q(α+
n , α

−
n ) =

N∑
n=1

(α+
n + α−n ) (10)

− 1

2

N∑
m=1

N∑
n=1

(α+
m − α−m)(α+

n − α−n )k(xm,xn)

s.t. 0 ≤ α+
n ≤ γu+

n , 0 ≤ α−n ≤ γu−n
N∑
n=1

(α+
n − α−n ) = 0, n = 1, ...N

where k(xm,xn) = φ(xm)Tφ(xn) is the kernel function.
Q is a quadratic function of α+

n , α
−
n . We can solve Eq.(10)

using quadratic programming. Then the parameter w can be
computed using Eq.(9). To compute b, from KKT condition
we know when 0 < α+

n < γu+
n and α−n = γu−n , f(xn) = 1.

Define Ω+ = {xn : f(xn) = 1}. Similarly, when 0 < α−n <
γu−n and α+

n = γu+
n , f(xn) = −1. Define Ω− = {xn :

f(xn) = −1}. Though any point in set Ω+ or Ω− can be
used to compute b. We compute a numerically more stable
estimation as follows.

b =
[ ∑
n∈Ω+

(1−
N∑
m=1

(α+
m − α−m)k(xm,xn)) (11)

−
∑
n∈Ω−

(1 +

N∑
m=1

(α+
m − α−m)k(xm,xn))

]
/(|Ω+|+ |Ω−|)

where |S| is the cardinality of set S. After learning the model,
the prediction value for new point x is given by

f(x) = wTφ(x) + b =

N∑
n=1

(α+
n − α−n )k(x,xn) + b (12)

Again, we use the kernel trick here to avoid explicit computa-
tion of feature mapping. For classification purpose. The label
is obtained by y = sign(f(x)).

C. Generalized formulation of soft label SVM

The objective function in primal problem defined by Eq.(7)
contains an L2-norm regularization term on model parameter
w and hinge loss function of slack variables ξ+

n , ξ
−
n , n =

1, ..., N . We can write the primal problem in a more general
form as follows.

min
w

1

2
||w||p + γ

2∑
c=1

N∑
n=1

uncE[f(xn), yc] (13)

where p > 0 is the order of regularization and unc = P (yn =
yc|xn), yc = (−1)c is the soft label for each sample. E
is a loss function which can take different forms. In the
experiment, we try three different loss functions:
• Hinge loss: E[f(xn), yc] = max(0, 1− ycf(xn)).
• Squared hinge loss: E[f(xn), yc] = max(0, 1 −
ycf(xn))2.

• Squared loss: E[f(xn), yc] = (1− ycf(xn))2.

When regularization order p = 2, the solution for the 2nd and
3rd loss functions can be obtained in a similar way as the 1st

one described in section IV-B. When p = 1, the dual problem
to Eq.(13) is no longer quadratic to the dual variables. We
adopt ADMM [19] framework to solve Eq.(13) directly. We
omit the derivation due to page limit.

V. EXPERIMENT

A. Data description

The SCADA data we used are collected from 125 1.6MW
wind turbines at one wind farm over the time period from
June 2013 to May 2014. We identified 38 forced outage
events with faults related to electrical subsystem. The total
accumulate hours of down time is 2305 hours. The maximum
and minimum down time are 544.7 hours and 1.7 hours
respectively. There are 55 sensor values collected via SCADA
measuring different quantities such as power generation, tower
vibration, temperature, wind speed, blade angle, etc. The
sensors operate with a sampling rate at sub-second level. Then
an averaged value over 10 minutes period is collected and
stored via SCADA system, resulting 144 samples per day. We
select 12 days of data prior to the beginning of each forced
outage event, resulting a dataset with 456 days of turbine
operating time.

sensor 
series 

Soft label 
SVM training 

Classification 
Data pre-

processing 

Normalization 
and feature 
extraction 

AUC, 
feature 

rank 

Empirical 
probability 
assignment 

Output:  Input:  

sensor 
series 

Soft label 
SVM training 

Classification 
Data pre-

processing 
Feature 

extraction 

AUC, 
feature 

rank 

Empirical 
probability 
assignment 

Output:  Input:  

Locate 
forced 

outages 

Fig. 2. An overview of the experiment process.

B. Data processing

1) Pre-processing: The goal of pre-processing is to clean
data used for analysis. The sensor recordings may contain
duplicate or incomplete values. We exclude channels that are
mostly constant or only contain a few (< 10) distinct values.
We also exclude channels with substantial portion (> 50%)
of incomplete values. Resulting 39 channels belonging to
four different categories, where we use the same taxonomy
proposed by [20], 1) wind parameters, 2) energy conversion
parameters, 3) vibration parameters and 4) temperature param-
eters. The resulting dataset contains 39 multivariate time series
with total number of samples about 2.56× 106.

2) Feature extraction: As we described in section III-A,
we classify each fixed length subsequence from a complete
sequence. We choose the fixed length to be 6 hours. Then
each subsequence contains 36 samples, each sample is 39
dimensional vector. One challenge of this problem is the
within class variation caused by both external factors such as
environment change and internal factors such as component
degradation. We are only interested at the pattern that results
from developing fault which is usually an internal factor. To
suppress the variation caused by irrelevant factors, we per-
form a customized normalization on some selected channels
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based on their physical meanings and relationship with other
channels. Specifically, we subtract ambient temperature from
all the temperature sensors. We divide blade angle by wind
speed and divide generator speed by rotor speed. For tri-phase
voltage and current, we subtract mean value from each phase
of voltage and current respectively.

After normalization, we extract two types of feature to
further capture the spatial and temporal dependency among
different channels. For spatial dependencies, we compute the
sample covariance of the 39 dimensional vectors over N = 36
samples as Σ = 1

N

∑N
n=1(xn − x̄)(xn − x̄)T , where x̄ =

1
N

∑N
n=1 xn. Then we choose the upper triangle entries due to

symmetry of Σ, resulting 780 dimensional vector. For temporal
dependencies, we fit a simple autoregressive model [21] for
each channel defined by following regression equation.

xn+1 = Axn + ε (14)

where ε is error term and A is a diagonal matrix whose diag-
onal entries are first order autoregressive coefficients for each
channel. We compute A using the least square estimation as
follows, A∗ = arg minA diagonal

∑N−1
n=1 ||xn+1 − Axn||2. This

results additional 39 dimensional feature vector. An extension
to this is using full matrix A or higher order autoregressive
model. Finally, we concatenate the original signals, normalized
signals, spatial and temporal feature vectors into one vector
as the representation of each subsequence. The dimension of
resulting feature vector is 3123.

C. Experiment setting

Each complete sequence contains 1728 multivariate samples
(12 days prior to forced outage). We use sliding window to
obtain subsequences. Based on the assumption we introduced
in section III-B, we empirically choose a couple of different
probability assignment functions P (yn|xn). We decide the
split of training and testing data of subsequences as follows.
For training data, we select a temporal region covering both
high and low probability of being at pre-fault status. For testing
data, we select two separate temporal regions. The one closer
to forced outage is labeled as pre-fault. The one further away
from forced outage is labeled as normal. Figure 3 illustrates
different probability assignment functions as well as division
of training and testing data.

Fig. 3. Division of time series data into training and testing set based on their
temporal location. Three different probability assignment functions which
satisfy the non-decreasing assumption described in section III-B are plotted.

We fix the normal region of testing data to be 6th-12th

day prior to forced outage while vary the pre-fault region of
testing data which we call prediction horizon. The training
data region is between prediction horizon and 6th day prior
to forced outage. We also vary the choice of sliding window
length. Due to the multiple possible root causes of the fault,
the signatures of different outages may be different. Therefore,
we use data from the same forced outage event for training
and testing. We use linear feature mapping so φ(x) = x. The
overall experiment flow is summarized by Figure 2.

D. Classification results

Since we perform classification for each outage event, we
use average area under curve (AUC) as evaluation metric,
which is computed from ROC of each classification result. In
the first experiment, we vary the sliding window length from
3h-12h and prediction horizon from 12h-48h. The proposed
soft label SVM with squared hinge loss is used for classifica-
tion. The results is shown in Figure 4. The best average AUC
is achieved when window length is 6h and prediction horizon
is 18h. The prediction ability gradually degrades as window
length increases or prediction horizon increases.

Fig. 4. Average AUC under different sliding window size and prediction
horizon with value indicated by color.

For the second experiment, we fix window length at 6h
and prediction horizon at 18h. We compare the performance
of proposed soft label SVM under different loss functions and
regularization. For baseline model, we use standard SVM with
training data equally split into positive and negative class.
The positive half is the one closer to the outage event. The
results are listed in Table I. For all three probability assignment
function considered, the proposed soft label SVM outperforms
standard SVM whose results are listed in the column ‘Hard
label’. The best results is obtained under exponential case
with average improvement over different objective functions
be 12.51%. As shown in Table I, we also compare our method
with another popular classification method namely K nearest
neighbor (K-NN). We use hard label for training data and the
best average result is reported when varying K from 1 to 100
with stride of 5.

E. Feature selection results

The L1-norm regularized objective function used in previous
experiment can be also used for feature selection due to the
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TABLE I
CLASSIFICATION RESULTS OF DIFFERENT METHODS. H: HINGE LOSS, SH:
SQUARED HINGE LOSS, S: SQUARED LOSS, p: REGULARIZATION ORDER.

Method AUC mean ± std.
Ours Hard label Linear Sigmoid ExponentialLoss p

H 2 0.757±0.194 0.790±0.184 0.785±0.186 0.873±0.138
SH 2 0.757±0.194 0.904±0.121 0.898±0.135 0.909±0.135
S 2 0.766±0.186 0.899±0.126 0.894±0.139 0.905±0.137

SH 1 0.788±0.177 0.879±0.130 0.876±0.148 0.882±0.157
SH-PCA 2 0.758±0.203 0.846±0.177 0.842±0.178 0.879±0.160

K-NN 0.728±0.220

Fig. 5. Top-ranked feature based on the number of counts when its corre-
sponding coefficient learned by L1-norm regularized soft label SVM being
non-zero among 38 outages.

sparse solution on parameter w. For each one of the 3123
features, we count the number of times each feature has
non-zero coefficient. Figure 5 shows the top-ranked features
by such counts. As we can see, the top-ranked features are
related to electrical subsystem, which indicates current and
voltage sensors are more informative in terms of predicting
the electrical subsystem fault. As a comparison, we also
perform PCA on original features retaining 95% energy and
use squared hinge loss with L2-norm regularization. For both
cases, the proposed soft label SVM achieves better results than
the hard label counterpart.

VI. CONCLUSION

In this work, we addressed the wind turbine forced outage
prediction problem under the challenge of unknown labels,
which indicates whether the turbine is running normally as
designed or not. We extended standard SVM to handle proba-
bility of label as input, which we called soft label SVM. The
classifier is learned using multivariate SCADA data and the
classification result is used as the prediction of the normality
condition of turbine. Given 6-hour window of data, we can
predict the happening of one type of electrical subsystem fault
18 hours ahead of time. The average AUC over 38 forced
outage instances obtained by this prediction is 0.909 with
standard deviation 0.135. The generalization across different
outages remain challenging partially due to different root
causes of the fault and significant data variation caused by
external factors such as weather condition. By learning a L1-
norm regularized version of soft label SVM. We identified a
set of features that is related to the electrical subsystem fault.
One limitation of current approach is the manually chosen

probability values. To relax such assumption, we can either
incorporate probability learning in the model or exploit only
ordinal labels. We also plan to generalize across different
forced outage instances in the future.
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