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ABSTRACT
When a power system is contaminated by power quality
problems, a short transition will appear before power
system restoring to a new stability state. The short
transitions of various power disturbances correspond to
different principal component characteristics. According
to these characteristics, in this paper, a scheme based on
transient behaviors using morphological max-lifting
scheme (MMLS) and nonlinear principal component
analysis (NLPCA) is developed for the identification of
power disturbances. PSCAD/EMTDC is applied to
simulate six types of power disturbances, and massive
simulation work has been conducted to demonstrate the
effectiveness and feasibility of the proposed scheme.

INTRODUCTION
In the past few years, power disturbances have become an
important issue in industrial and academic fields due to
the serious power and economic loss caused by them [1].
To limit the negative effects of power disturbances on
power systems, it is necessary to identify these power
disturbances quickly and accurately. Nowadays,
identification of power disturbances mainly adopts
methods based on signal processing, fuzzy logic [2],
neural network or genetic algorithm [3]. In this paper,
morphological max-lifting scheme (MMLS) is employed
to detect the existence of power disturbances, and
nonlinear principal component analysis (NLPCA) is used
for extracting the nonlinear principal components of the
two-dimension signals converted from the power quality
signal, which are then used to classify the power
disturbance.

MM, a nonlinear analysis method based on signal
processing in time domain, is excellent in noise removal
and fast calculation [4]. MM is mainly applied to extract
specific features in the neighborhood of every sample in
the signal under analysis [5]. Two basic operators of MM
are erosion (  ) and dilation (  ). Let f and g denote
the signal under analysis and structuring element (SE),
respectively. Erosion and dilation can be defined as
follows respectively [6]:
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Erosion and dilation are operators that allow to eliminate
or to remark special components of the signal under
analysis. Opening is a morphological operator that
performs dilation on the signal eroded by the same SE [7],
that is, ggfgf  )( , where  denotes the opening
operator. Closing is a morphological operator that
performs erosion on the signal dilated by the same SE [7],
that is, ggfgf  )( , where  denotes the closing
operator.

The lifting scheme or simply lifting is a simple but quite
powerful tool to extract some special features of the
signal under analysis [8]. As a popular lifting scheme, the
max-lifting scheme can preserve local maximum values
of the signal being processed with high calculation speed
[9].

NLPCA is commonly seen as a nonlinear generalization
of principal component analysis (PCA) [10]. It can
extract the linear and nonlinear principal components of
the signal being processed. NLPCA can be realized by
using a neural network with an auto-associative
architecture [11]. Compared with other nonlinear analysis
methods, such as locally linear embedding (LLE),
Isomap, principal curves and self-organizing maps
(SOM), NLPCA can be applied to incomplete data sets
by modeling only the second part of the auto-associative
network, the reconstruction or generation part [12].

In this paper, a power disturbance identification scheme
based on transient behaviors using MMLS and NLPCA is
proposed. The proposed scheme only needs process a
data window of one and a half cycles, which remarkably
reduces calculation burden.

POWER QUALITY DISTURBANCE
IDENTIFICATION SCHEME
The power quality disturbance identification scheme
proposed in this paper mainly consists of two methods:
MMLS and NLPCA.

A. MMLS
A signal )(nx is split into two data series, the
approximation part )(e nx and the detail part o ( )x n , which
correspond to the even and odd data series of )(nx ,
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respectively.

The detail signal o ( )x n is predicted using information
contained in )(e nx and is replaced by the prediction error

))(()()( eo nxPnxnd  (3)
where the prediction operator P is defined as
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where g = [0 0.178 0.356 0.534 0.712 0.890 0.712 0.534
0.356 0.178 0] is a triangular SE, i = 1, 2, ,  8/0N ,

0 / 8i N    means i takes the largest integer value that
satisfies the equation 0 / 8i N , and 0N is the number of
samples of a fundamental cycle.

The above scheme used to obtain ( )d n is the MMLS
used in this paper, and ( )d n , the output of the MMLS of
signal ( )x n , will be used to detect the existence of power
disturbances. An example of a signal disturbed by voltage
dip is shown in Fig. 3 (a), and the output of the MMLS of
this signal is plotted in Fig. 3 (b). The impulse revealed in
Fig. 3 (b), which corresponds to the position where this
disturbance starts and is denoted by a , indicates the
existence of power disturbances.

B. NLPCA
In Fig. 3 (a), c and d are two samples of ( )x n with the
number of samples between c and a , and between a
and d being  0N and  2/0N , respectively. To
determine the type of the power disturbance detected by
the MMLS, the one-dimension signal between c and d
is converted into a two-dimension signal

( ) ( ( ) ( ))G m y m z m ， , where ( ) ( )y m x m and

0z( ) ( N / 4 )m x m     .

Afterwards, NLPCA is applied to extract the nonlinear
principal components of ( )G m to determine the type of
the power disturbance. As shown in Fig. 4, ( )G m and the
nonlinear principal components of ( )G m are composed
of the blue points and the red points, respectively.

In Fig. 4, the maximum and minimum distances between
O , the center of the blue points, and the red points are
expressed as maxr and minr , respectively. Similarly, the
maximum difference between two adjacent red points is
expressed as maxl . The three indices are used to classify
power disturbances. In this case, max 0.5l  , max1 1.1r 
and min 0.9r  are used to identify voltage dip.

SIMULATION STUDIES AND DISCUSSION
In this section, the proposed power disturbance scheme is
applied to identify six types of power disturbances:
voltage dip, voltage swell, momentary interruption,
harmonics, notching, and transient oscillatory.
PSCAD/EMTDC is employed to simulate these types of
power disturbances. An example of the normalized signal
used in this paper is shown in Fig. 1. As depicted in Fig.
1, six types of power disturbances appear in sequence in
the signal. The flowchart of the proposed power
disturbance identification scheme is shown in Fig. 2.

Fig. 1 The normalized signal used in this paper.

Fig. 2 The flowchart of the proposed power disturbance
identification scheme.

A. Voltage dip
A case of the disturbance of voltage dip is shown in Fig.
3 (a). The output of the MMLS of this signal and the
output of the NLPCA of ( )G m are depicted in Fig. 3 (b)
and Fig. 4, respectively.
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As discussed in the previous section, in this case,
max 0.5l  , max1 1.1r  and min 0.9r  are used to

identify voltage dip.

Fig. 3 (a) The disturbance of voltage dip; (b) the output of
the MMLS of voltage dip shown in Fig. 3 (a).

Fig. 4 ( )G m and the output of the NLPCA of ( )G m in
the case of voltage dip detection.

B. Voltage swell
Figs. 5 (a) and (b) illustrate a power quality signal of
voltage swell and the output of the MMLS of this signal,
respectively. The output of the NLPCA of ( )G m in this
case is described in Fig. 6. To detect voltage swell,

max 0.5l  , max 1.1r  and min 1r  are applied.

Fig. 5 (a) A power quality signal of voltage swell; (b) the
output of the MMLS of voltage swell shown in Fig. 5 (a).

C. Momentary interruption
A simulation signal with momentary interruption and the
output of the MMLS of this signal are described in Fig. 7.

In this example, the output of the NLPCA of ( )G m is
depicted in Fig. 8. As shown in Fig. 8, the red points
satisfy max 0.5l  , which is used to distinguish momentary
interruption from other power disturbances.

Fig. 6 ( )G m and the output of the NLPCA of ( )G m in
the case of voltage swell detection.

Fig. 7 (a) A simulation signal with momentary
interruption; (b) the output of the MMLS of the signal
shown in Fig. 7 (a).

Fig. 8 ( )G m and the output of the NLPCA of ( )G m in
the case of momentary interruption detection.

D. Harmonics
In Fig. 9, a power quality signal disturbed by harmonics
and the output of the MMLS of this signal are presented,
respectively. In Fig. 10, the output of the NLPCA of

( )G m in this example is depicted. A great deal of tests
have been carried out by varying the components and
amplitudes of harmonics, and the following two groups
of indicators are observed for the identification of
harmonics: max 0.5l  , max1 1.1r  , min 0.9r  and

max 0.5l  , max 1.1r  , min 1r  .
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Fig. 9 (a) An power quality signal disturbed by harmonics;
(b) the output of the MMLS of the signal shown in Fig. 9
(a).

Fig. 10 ( )G m and the output of the NLPCA of ( )G m in
the case of harmonics detection.

E. Notching

Fig. 11 (a) A fundamental sinusoidal signal affected by
notching; (b) the output of the MMLS of the signal
shown in Fig. 11 (a).

A fundamental sinusoidal signal affected by notching and
the output of the MMLS of this signal are shown in Fig.
11. The output of the NLPCA of ( )G m in this case is
depicted in Fig. 12. Based on trials and errors, max 0.5l  ,

max 1.1r  and min 0.9r  are used to identify notching.

F. Transient oscillation
Fig. 13 (a) describes a power quality signal disturbed by
transient oscillation, and the output of the MMLS of this
signal is plotted in Fig. 13 (b). In Fig. 13 (b), some

impulse are revealed, and the amplitudes of these
impulses attenuate exponentially with time. Such a
feature is used to identify transient oscillation.

Fig. 12 ( )G m and the output of the NLPCA of ( )G m in
the case of notching detection.

Fig. 13 (a) A power quality signal disturbed by transient
oscillation; (b) the output of the MMLS of the signal
shown in Fig. 13 (a).

CONCLUSION
A scheme based on transient behaviors using MMLS and
NLPCA has been proposed in this paper to extract the
features of various power disturbances. The scheme
proposed in this paper can remarkably reduce the amount
of calculation. PSCAD/EMTDC is used to simulate six
types of power disturbances. The proposed scheme has
been evaluated on massive test signals of these six types
of disturbances. Simulation results have proved that the
proposed scheme can identify these power disturbances
quickly and accurately.
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