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Abstract  A condition-based maintenance (CBM) has been widely employed to reduce
maintenance cost by predicting the health status of many complex systems in prognostics and 
health management (PHM) framework. Recently, multivariate control charts used in statistical 
process control (SPC) have been actively introduced as monitoring technology. In this paper,
we propose a condition monitoring scheme to monitor the health status of the system of inter-
est. In our condition monitoring scheme, we first define reference data set using one-class sup-
port vector machine (OC-SVM) to construct the control limit of multivariate control charts in
phase I. Then, parametric control chart or non-parametric control chart is selected according to 
the results from multivariate normality tests. The proposed condition monitoring scheme is ap-
plied to sensor data of two anemometers to evaluate the performance of fault detection power. 

 
1. Introduction   

Prognostics and health management (PHM) has been widely used to monitor the health status 
of the operating system. Its future health status can be efficiently predicted using advance 
sensing technology and artificial intelligence (AI) for the purpose of fault isolation or reliability 
prediction [1]. PHM methodology targets to provide prognostic information or knowledge on the 
monitoring system to prevent catastrophic failures of the system by predicting the time to failure 
or estimating remaining useful life during operation, resulting in significantly reducing total 
operational cost. In applying PHM concept to maintenance, a condition-based maintenance 
(CBM) has an increasing attention in many complex systems (e.g., power plants, large transpor-
tation vehicles) as a predictive maintenance approach. CBM activities have been conducted 
based on the prediction of remaining useful life until a failure occurs, thus it can greatly reduce 
maintenance cost caused by unnecessary preventive maintenance tasks [2]. 

In many practical applications, univariate or multivariate control charts have been widely used 
as a process monitoring technique in statistical process control (SPC) areas. Among them, the 
most popular control chart is a Hotelling’s 2T  chart for monitoring multivariate process vari-
ables under a parametric framework [3]. Besides, multivariate exponential weighted moving 
average (EWMA) charts [4] or cumulative sum (CUSUM) charts [5] have been used to effi-
ciently detect gradual changes in the process. The above charts are constructed under the 
assumption that the data follows a multivariate normal distribution to control Type I and Type II 
errors [6]. To overcome the limitation of the multivariate normal assumption, various nonpara-
metric control charts have been proposed. For example, Hayter and Tsui [7] proposed a She-
whart-type nonparametric multivariate control chart based on the M  statistic. Sun and Tsung 
[8] introduced the multivariate control chart based on the kernel distance called the K-chart. 
Bae et al. [9] proposed a nonparametric multivariate control chart based on data depth such as 
Mahalanobis depth and Tukey depth. Based on data mining and machine learning methods, 
Sukchotrat et al. [10] proposed nonparametric control charts which apply the effectiveness of 
one-class classification to phase i and phase II analysis. He et al. [11] suggested a distance-
based control chart for monitoring multivariate processes using support vector machines   
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(SVMs). However, the application of control chart to CBM is not 
easily observed in the reliability literature. 

Rasay et al. [12] introduced the application of multivariate 
control charts as the condition monitoring technique. Recently, 
Bae et al. [13] proposed the condition monitoring of a steam 
turbine generator using the Hotelling’s 2T  chart based on 
wavelet spectrum analysis. In this paper, we propose a condi-
tion monitoring scheme via one-class support vector machine 
(OC-SVM) and multivariate control charts. The condition moni-
toring scheme aims to derive an appropriate decision boundary 
of the in-control state using OC-SVM. In multivariate control 
charts, statistics are determined by reference data defined as 
the in-control state. In order to apply the reference data set 
defined by OC-SVM to multivariate control charts, the multi-
variate normality test is conducted for multivariate normal 
checking purpose. Once the multivariate normality is satisfied, 
Hotelling’s 2T  chart can be employed, otherwise, a multivari-
ate nonparametric chart can be used. 

The rest of this paper is organized as follows. In Sec. 2, we 
illustrate the OC-SVM to determine reference data set under 
the in-control state. In Sec. 3, we discuss both the parametric 
and the nonparametric control charts: The Hotelling’s 2T  
chart and data depth based nonparametric control chart. In Sec. 
4, we propose a condition monitoring scheme via OC-SVM and 
multivariate control charts. In Sec. 5, we apply the proposed 
methods to sensor measure data collected from the anemome-
ters. Finally, we conclude in Sec. 6 with a discussion on future 
research. 

 
2. One-class support vector machine  

SVM is one of the most efficient supervised learning algo-
rithms originated in statistical learning theory [14]. The SVM is 
a linear model that constructs nonlinear class boundaries by 
mapping input vectors into a high-dimensional feature space. 
Because the linear model in the new space represents nonlin-
ear class boundaries in the original space, it does not involve 
any computational cost in the high-dimensional space [15]. In 
many practical applications, the SVM has been widely applied 
to classification, regression, and novelty detection problems.  

Dealing with novelty detection or one-class classification, an 
OC-SVM constructs a spherical decision boundary by using 
support vectors describing the sphere boundary [16]. Tax and 
Duin [17, 18] proposed a support vector domain description 
(SVDD) algorithm by combining SVM and the data description 
method to solve the one-class classification problem. 
Schölkopf et al. [19] suggested an alternative approach to 
solve the one-class classification problem, where the primal 
optimization problem for the OC-SVM is defined as 

 

Minimize   2

1

1 1
2

ξ ρ
ν =

+ −∑w m

iim
 

Subject to  ( )( ) ,ρ ξ⋅ ≥ −w Φ xi i  
            0, 1, , ,ξ ≥ = …i i m                  (1) 

where m  is the number of observations, w  are the solutions 
of OC-SVM, 'ξi s  are non-zero slack variables, and ν  is an 
upper bound on the fraction of outliers. The primal optimization 
problem can be solved by using a Lagrangian multiplier:  
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where ( ) 0α ≥i  and ( ) 0β ≥i  are Lagrangian multipliers. By 
setting the partial derivatives of Eq. (2) with respect to the pri-
mal variables , ,ξ ρw i , and equal to zero, we obtain  
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The Lagrangian multiplier Eq. (2) by using the constraints Eq. 

(3) can be rewritten as the following dual quadratic program-
ming problem: 

 
Minimize   ( ), 1
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i j i ji j
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ii
                                  (4) 

 
Because Eq. (4) is a typical quadratic problem, it can easily 

be solved in a standard quadratic programming solver.  
The OC-SVM replaces the inner product ( ) ( ), 'Φ x Φ x  

with the kernel function ( )⋅k  that performs nonlinear mapping 
in high-dimensional feature space. This is often referred to as 
the kernel trick represented by a kernel function [16]  

 
( ) ( ) ( )( ), .= ⋅′x x Φ x Φ xk  '                 (5) 

 
By using the kernel function, OC-SVM constructs the spheri-

cal decision boundary by mapping input vectors into a high-
dimensional feature space. The widely used kernel functions 
include the Gaussian radial basis function (RBF) kernel, the 
Laplace radial basis function (RBF) kernel, and polynomial 

Table 1. Kernel function for one-class SVM. 
 

Kernel Equation 

Gaussian RBF kernel ( )2exp σ− − ′x x  

Laplace RBF kernel ( )exp σ− ′−x x  

Polynomial kernel ( )degree
scale , offset+′x x  

 



 Journal of Mechanical Science and Technology 34 (10) 2020  DOI 10.1007/s12206-020-2203-z 
 
 

 
3939 

kernel, which are summarized in Table 1. 

 
3. Multivariate control chart  

A multivariate control chart is one of the widely used SPC 
techniques for quality control. The most popular multivariate 
control chart is Hotelling’s 2T  chart proposed by Hotelling [3]. 
Suppose that the reference observation z  has a p  dimen-
sional multivariate normal distribution with mean vector μ  
and variance-covariance matrix Σ . The 2

iT  statistic of the 
Hotelling’s 2T  chart for individual observations is defined as 

 
( ) ( )2 1 , 1, , .−= − − = …z Σ zT

i i iT i mμ μ            (6) 
 
If the mean vector μ  and variance-covariance matrix Σ  

are unknown, the 2
iT  statistic is given by 

 
( ) ( )2 1 , 1, , ,−= − − = …z z S z zT

i i iT i m            (7) 
 

where z  is a sample mean vector and S  is a sample vari-
ance-covariance matrix determined from the reference data. 
The sample vector z  follows a multivariate normal distribution.  
The Hotelling’s 2T  chart uses the reference data to construct 
upper control limit (UCL) to designate an in-control state in 
phase I. The UCL of the Hotelling’s 2T  chart in phase II  is 
determined by 

 
( )
( )

2

, , ,

1
α −

−
=

− p n p

p m
UCL F

m m p
                (8) 

 
where m  is the number of observations, p  is the number of 
variables, and , ,α −p n pF  is the upper αth  quantile of the F  
distribution with the first degrees of freedom p  and the sec-
ond degrees of freedom −n p . The UCL Eq. (8) can be used 
to monitor the health status of the system in our condition 
monitoring scheme. If the test statistic Eq. (7) falls above the 
UCL, the system is declared as out-of-control. The Hotelling’s 

2T  control chart works well under the multivariate normal dis-
tribution. However, most multivariate data from complex sys-
tems may fail to follow multivariate normal distribution [20]. To 
address this limitation, many nonparametric control charts have 
been proposed [7-9].  

To define faulty status of the system, we introduce a non-
parametric control chart proposed by Liu [21], called r  chart, in 
this work. This chart uses the concept of data depth to reduce 
each of multivariate measurements to a univariate measure. 
Suppose that there are reference observations { }1 m, ,…z z  

from a distribution G  and new observations { }1 2, , …y y  from 

a distribution F . The r  chart is Shewhart-type chart for indi-
vidual measurements based on data depth function. From G-
distributed reference observations { }1 m, ,…z z , Gr  statistic is 

given by 

( ) ( ) ( )G G Gr P{D D | ~ G},= ≤y z y z  
 

where ( )GD ⋅  is a data depth function. If the distribution of 
( )GD ⋅  is unknown, 

mGr  statistic is defined as 
 

( ) ( ) ( ){ }m m

m

j G j G

G

# | D D
r , j 1, , m .

m

≤
= = …

z z y
y        (9) 

 
The 

mGr  statistic Eq. (9) indicates how close a new observa-
tion is to the center of the reference observation. If the 

mGr  
statistic Eq. (9) falls below lower control limit (LCL) α , the 
system is declared as out-of-control.  

In order to construct r  chart, we use Mahalanobis depth 
and Tukey depth. Tukey [22] introduced a data depth concept 
to characterize the high-dimensional data. Zuo and Serfling 
[23] established a general statistical definition of depth function 
that satisfies four properties: Affine invariance, maximality at 
center, monotonicity relative to deepest point, and vanishing at 
infinity. The Mahalanobis depth [24] is given by 

 

( )
( ) ( )G T 1

1MD ,
1 Σ−

=
+ − −

z
z μ z μ

  

 
with mean vector μ  and variance-covariance matrix Σ . The 
Mahalanobis depth is based on Hotelling’s 2T  statistic Eq. (6). 
It indicates how close the reference observation is with respect 
to the distribution G . In general, because G  is unknown, the 
Mahalanobis depth is calculated as 

 

( )
( ) ( )mG i T 1

i i

1MD ,
1 −

=
+ − −

z
z z S z z

  

 
with a sample mean vector z  and a sample covariance-
variance matrix S . 

Taking all possible one-dimensional projections into account, 
Tukey depth [22] is known as a half-space depth which is the 
smallest proportion of data points. The Tukey depth for refer-
ence data with respect to the distribution G  is given by 

 
( ) ( ){ }G H GTD inf P H ,=z  

 
where H  is a closed half space. If the distribution G  is un-
known, the Tukey depth is calculated as 

 

( ) ( ){ }1 min min ,= −z
mG i ii

TD k n k
m

, 

 
where ( ) ( )1 2ψ ψ= −ik i i  for ( )1 #{ : 0 }ψ θ θ π= ≤ < +j ii j  

and ( )2 #{ : 0 },ψ θ θ= ≤ <j ii j  θi  is the angle of =iu  

( ) / .− −z z z zi i  See Bae et al. [9] for more details on the 

properties of the data depths. 



 Journal of Mechanical Science and Technology 34 (10) 2020  DOI 10.1007/s12206-020-2203-z 
 
 

 
3940 

4. Condition monitoring scheme 
In this section, we propose a condition monitoring scheme 

via OC-SVM and multivariate control charts. The detailed pro-
cedure of suggested monitoring scheme is given in Fig. 1. To 
derive an appropriate decision boundary of the in-control state 
of the system, OC-SVM is employed. In the proposed monitor-
ing scheme, the multivariate normality test is conducted to 
apply parametric control charts like Hotelling’s 2T  chart. If the 
normality assumption is not satisfied, nonparametric charts 
using the concept of data depths is applied.  

General control limits of the multivariate control charts are 
determined by reference data set in an in-control state. Alt [25] 
and Jackson [26] discussed how to construct the control limits. 
However, it is still practically hard to decide the standard for the 
in-control state. We suggest a decision function of the OC-SVM 
to define the reference data set in the in-control state. In the 
primal optimization problem Eq. (1) for the OC-SVM, the deci-
sion function of OC-SVM can be obtained from the following 
equation: 

 

( ) ( )( )( )sgn .ρ= ⋅ −x w Φ xf                 (10) 

By using the kernel function Eq. (5), the decision function Eq. 
(10) can be rewritten as the following equation: 

 

( ) ( )sgn , .α ρ⎛ ⎞= −⎜ ⎟
⎝ ⎠
∑x x xi i j
i

f k              (11) 

 
The Lagrange multiplier iα  can be solved by the quadratic 

programming problem Eq. (4). If the decision function Eq. (11) 
is positive, data set x j  exists in spherical decision boundary. 
On the other hand, if the decision function is negative, data set 
x j  will be located outside of the spherical decision boundary 
and considered as faulty status. The reference data set in in-
control state by using the decision function is defined as 

 
( ){ }, 0 .α ρ= − >∑z x x xj i i ji
k   

 
Next, we introduce two widely used multivariate normality 

test statistics to check the normality of the reference data set 
z . Based on multivariate skewness and kurtosis measures, 
the multivariate normal (MVN) test statistics [27] are  
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respectively, where p  is the number of variables and ijM  is 

the squared Mahalanobis distance, which is defined as 
( ) ( )1−= − −z z z zijM

T
i jS . Based on the distance between 

two distribution functions, Henze and Zirkler [28] suggested the 
following the test statistics  
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where ( ) ( )1/ 4

1 / 2 2 1 / 4 ,β
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p

m p ( ) 1−= −z zijD
T

i j S  

( )−z zi j , and ( ) ( )1 .iD
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i iS  ijD  is the Maha-
lanobis distance between thi  and thj  observations and iD  
is the squared Mahalanobis distance of thi  observation to the 
centroid. Using the two normality test statistics, we select an 
appropriate control chart between parametric and nonparamet-
ric control charts. 

 
5. Application  

The proposed condition monitoring scheme is applied to time 

 
Fig. 1. The proposed condition monitoring scheme via OC-SVM and multi-
variate control charts. 
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series data of two anemometers. A three-cup anemometer 
(shown in Fig. 2) is the device used to measure wind speeds. 
We used the data set which is given in https://www.phmsociety. 
org/competition/phm/11/problem. Wind speed sensor data are 
collected from two anemometers at the same height. The data 
was repeatedly recorded in five-day intervals over one year 
and the measurements from sensors consist of the summary 
statistics such as mean, maximum value, and minimum value 
in every ten minutes from each sensor. The details on the used 
anemometers and the characteristics of the data are given in 
the website. Several researchers proposed the condition moni-
toring methods to detect faulty status of anemometers. For 
example, Sun et al. [29] introduced a condition monitoring pro-
cedure of data preprocessing, feature extraction, and pattern 
identification, for the condition diagnosis of an anemometer. 
Because the two sensors at the equal height measure the wind 
speed, the measured data must be almost the same. Thus, we 
calculated the difference between two measured values to 
detect anomaly status of the sensor.   

Figs. 3(a) and (b) present the mean values of the measure-
ments over every ten minutes from sensor 1 and sensor 2, 
respectively. The difference between two values are also given 
in Fig. 3(c). We have only partial information about failure-
times; that is, the number of intervals including abnormal condi-
tions of the anemometers is equal to 17 among 73 intervals, 
but we don’t have any information about exact time points of 
the abnormal conditions. Thus, it is challenging to classify the 
normal and abnormal conditions of the anemometer sensors.  

First, we applied OC-SVM to define reference data set which 
is assumed to stand for the normal condition of the anemome-
ters. The performance of OC-SVM depends highly on the se-
lected kernel function and its hyperparameter values. This 
study employed two kernel functions: The RBF kernel and the 
polynomial kernel. For example, the performance of the OC-
SVM with RBF kernel depends the hyperparameter σ  and 
ν . The hyperparameter of OC-SVM, ν , which is the upper 
bound on the fraction of outliers, controls the complexity of 
spherical decision boundary for the OC-SVM. The best combi-

 
 
Fig. 2. Example of the anemometers of the meteorological tower
(https://www.windpowerengineering.com). 

 

Table 2. Grid-search results using the RBF kernel in OC-SVM. 
 

σ  ν  
2-5 2-3 2-1 21 23 25 

0.91 67 67 67 67 67 67 

0.93 67 67 67 67 67 67 
0.95 67 67 67 67 67 67 

0.97 67 66 66 66 66 67 

0.99 64 64 64 65 65 65 

 
 

 
(a) Mean values from sensor 1 

 

(b) Mean values from sensor 2 
 

(c) Difference of measurements between sensors 1 and 2 
 
Fig. 3. Mean values of the measurements over every ten minutes. 
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nations of the hyperparameters of OC-SVM can be selected by 
the grid-search or the random search. The optimal values of 
the hyperparameters may be determined by using optimization 
methods, e.g., Bayesian optimization. However, the optimiza-
tion of the hyperparameter values is out of our research 
boundary, thus we employed the simple grid-search method.    

Table 2 shows the number of intervals containing the outliers 
corresponding to the hyperparameters in the RBF kernel of the 

OC-SVM. The results show that the number of intervals includ-
ing outliers is independent of the hyperparameter values. How-
ever, the number of interval estimation including outliers de-
pends on the hyperparameter values when we apply the poly-
nomial kernel function in the OC-SVM. It can be clearly ob-
served in Table 3. Based on the results from the polynomial 
kernel function, we determined the hyperparameter values 
corresponding to the 17 intervals as outliers; D = 3, σ = 2-1, 

Table 3. Grid-search results using the polynomial kernel in OC-SVM. 
 

σ  
D  ν  

2-5 2-3 2-1 21 23 25 

0.91 67 67 67 67 67 67 

0.93 67 67 67 67 67 67 
0.95 62 62 62 62 62 62 

0.97 43 43 43 43 43 43 

2 

0.99 21 21 21 21 21 21 
0.91 10 18 20 20 20 20 

0.93 9 19 19 19 19 19 

0.95 7 15 17 17 17 17 
0.97 6 13 20 20 20 20 

3 

0.99 8 12 11 11 11 11 

0.91 67 67 67 67 67 67 
0.93 67 67 67 67 67 67 

0.95 62 62 62 62 62 62 

0.97 42 42 42 42 42 42 

4 

0.99 20 20 20 20 20 20 

 
Table 4. Multivariate normality (MVN) test. 
 

Test Statistic p-value 

Skewness 12050.6979 < 0.0001 
Mardia’s MVN test 

Kurtosis 242.6030 < 0.0001 

Henze-Zirkler’s MVN test 87.0672 < 0.0001 

 

 
 
Fig. 4. OC-SVM results using the polynomial kernel function with the hy-
perparameter values: D = 3, σ = 2-1, ν = 0.95 (•: Normal, ▲ : Abnor-
mal). 

 
(a) Difference of measurements between sensors 1 and 2 

 

 
(b) Nonparametric r  chart based on Mahalanobis depth 

 

 
 (c) Nonparametric r  chart based on Tukey depth 

 
Fig. 5. Application results of nonparametric r  chart based on Mahalano-
bis depth and Tukey depth. 
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ν = 0.95. The classification results using the OC-SVM with the 
polynomial kernel function are given in Fig. 4. We select the 
normally classified data set as reference data set for determin-
ing the control limit in control chart adoption procedure. 

Next, we conducted the MVN test to select a proper control 
chart. Table 4 presents the results from Mardia’s MVN and 
Henze-Zirkler’s MVN test. At α = 0.05 significance level, the 
reference group does not follow a multivariate normal, and we 
applied the nonparametric r  chart. Fig. 5 shows the applica-
tion results of r  chart. In Fig. 5(a), the intervals classified as 
faults via OC-SVM are marked with gray-scaled areas. Note 
that the difference between mean values from two anemome-
ters is greater than 4.1 in those areas. Figs. 5(b) and (c) clearly 
show that the r  charts based on data depths have a strong 
detect powers of the faults from the anemometer sensors. Note 
that the OV-SVM and r  charts results are closely overlapped 
with each other.  

 
6. Conclusions 

This research proposes a condition monitoring scheme using 
multivariate control charts based on OC-SVM. The decision 
function of the OC-SVM is used to define the reference data 
set in normal condition of the system of interest. We select a 
suitable multivariate control chart by using the multivariate 
normality test methods. If the multivariate normality is satisfied, 
Hotelling’s 2T  chart is employed to monitor the health status 
of the system, otherwise, a nonparametric r  chart based on 
Mahalanobis depth or Tukey depth is applied. The proposed 
condition monitoring scheme is applied to sensor data of two 
anemometers to validate our proposed idea. The nonparamet-
ric r  chart based on the Mahalanobis depth is shown to be 
more consistent results with OC-SVM.  

Recently, Zong et al. [30] proposed a deep autoencoding 
Gaussian mixture model for unsupervised anomaly detection 
on high-dimensional data. It provides valuable information 
about input data in a low-dimensional space, improving the 
performance of a Gaussian mixture model (GMM) to deal with 
density estimation tasks. Future research directions include a 
condition monitoring using deep autoencoding Gaussian mix-
ture model for defining the reference data in phase I of the 
parametric or nonparametric control chart. 
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Nomenclature----------------------------------------------------------------------------------- 

x  : Train data 

y  : New observation data 
z  : Reference data 
w  : Solution of OC-SVM 
m  : Number of observations 
p  : Number of variable 

iξ  : Non-zero slack variable 
ν  : Upper bound on the fraction of outliners 

i iα β,  : Lagrangian multiplier 
( )k ⋅  : Kernel function 

μ  : Mean vector 
Σ  : Variance-covariance matrix 
z  : Sample mean vector 
S  : Sample variance-covariance matrix 
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