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Abstract--This paper presents a new methodology based on
Independent Component Analysis (ICA) for power quality
disturbance analysis. The proposed methodology aims at
analyzing power quality disturbances that appear as mixtures
in the voltage signal. Such disturbances are commonly
referred to as multiple disturbances. Results are obtained
from both simulated and experimental data showing that
disturbance classification higher than 97 % can be achieved.
The results are attractive for practical applications in power
quality systems.
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. INTRODUCTION

LECTRIC power quality has become an active research

area in the last few years due to the growing concern of
delivering clean power to consumers in the presence of
distorted waveforms [1]. Waveform distortions are normally
caused by disturbances such as voltage sag/swell with and
without harmonics, momentary interruption, harmonic
distortion, flicker, notch, spike and transients, causing
problems such as malfunctions, instabilities, short lifetime,
and failure of electrical equipments and so on [2].

According to [3], electric distribution network faults may
cause voltage sag or momentary interruption whereas
switching off large loads or energizing large capacitor
banks may lead to voltage swell. On the other hand, the use
of solid-state switching devices and nonlinear power
electronically switched loads such as rectifiers or inverters
may cause harmonic distortion and notching in the voltage
and current signals. Flickers may be caused by the usage of
arc furnaces and ferroresonance. Transformer energizing or
capacitor switching may cause transients, whereas lightning
strikes may lead to spikes.

In this context, several signal processing and
computational intelligence techniques have been proposed
for power quality (PQ) monitoring [2]. These techniques try
to achieve high performance with low computational
complexity, which is required for online PQ monitoring.

The PQ monitoring comprises, basically, two processing
stages: disturbance detection and classification. Typically,
this is developed using the voltage waveform. Recently, a
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bunch of methods have been proposed for the automatic
recognition of the PQ disturbances [3,4,5]. These methods
are capable of recognizing the PQ disturbances with
promising accuracy rate. However, these methods aim at
recognizing single PQ disturbance in a measured voltage
waveform. Thus, the performance of these methods might
be limited because, in real power systems, the disturbances
could appear simultaneously. These events are commonly
referred to as multiple disturbances. Some efforts have been
done about this problem, where the works [6] and [7] stand
out, but further studies are still required.

This paper proposes a new methodology based on
Independent Component Analysis (ICA) [8] for analyzing
PQ events with multiple disturbances, following the idea
first proposed in [9]. Here, ICA is applied in order to
decouple the multiple disturbances envisaging the
improvement of the classification efficiency.

This paper is organized as follows. Section Il formulates
the multiple disturbance PQ problems. Section Il presents
the fundamentals of the ICA theory. Section 1V describes
the proposed method and Section V presents the achieved
results. Conclusions are derived in Section VI.

Il. PROBLEM FORMULATION

According to [6], monitoring the discrete version of
powerline signals can be achieved through non-overlapped
frames of N samples each. The discrete sequence in a frame
is expressed as an additive contribution of several types of
phenomena:

v(n) =V(t) |_qr. == f () +h(n)+i(n)+t(n) +r(n), 1)

where n=0,..,N-1, T=1/f; is the sampling period, the
sequences {f(n)}, {h(n)}, {i(n)}, {t(n)} and {r(n)} denote
the fundamental component, harmonics, interharmonics,
transient and background noise, respectively. Each of these
signals is defined in details in [6].

So far, most classification techniques are developed for
single disturbance analysis. Nevertheless, one can note that
the incidence of multiple disturbances, at the same time
interval, in electric signals, is an ordinary situation due to
the presence of several sources of disturbances in the power
systems.

Figure 1 displays two typical cases. These voltage
measurements were obtained from the IEEE working group
P1159.3 website [10]. In Figure 1(a), one can note the
incidence of a short-duration voltage variation named sag,



harmonics and short-transient intervals. In Figure 1(b),
disturbances comprise harmonics, transients that can be a
priori assumed to be a decaying oscillation, and possibly,
other type of disturbances, which are quite difficult to be

categorized a priori.
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Fig. 1. Examples of multiple disturbances in monitored voltage signals.

Observing Equation (1), the processing target is to
decouple the multiple disturbances. This is the case of ICA,
which, in this context, aims at separating blindly the
original disturbance sources that build the acquired voltage
signal.

I1l. INDEPENDENT COMPONENT ANALYSIS

ICA is a statistical transformation that aims at
decomposing an observed multi-dimensional vector into
mutually independent source components [8]. The ICA
transformation searches for source signals that are as much
independent as possible. The basic ICA definition can be
expressed as

x(n) =As(n), )
where x(n) = [xy(n), x2(n), ..., xM(n)]T is the observed vector
at sample n, s(n) = [s:(n), Sx(n), ..., sn(n)]" is the
statistically mutually independent component vector at
sample n and A is an M x N scalar matrix, which is called
the mixing matrix.

The ICA algorithms estimate the original source signals
blindly, i.e, using only the observed signals:

y(n) =Wx(n). ©)
In this equation, y(n) = [yx(n), y2(n), ..., yn(n)]" represents
the estimation of the independent components s;(n) and W
is the demixing matrix. The basic mode assumes M = N.

In a PQ monitoring application, only one monitoring
device is available. In this case, M < N and the problem is
called overcomplete [11], due to scarcity of dimension in
the mixture space. There is a reasonable number of
proposals in order to solve this problem [11,12,13].
However, the proposed solutions in the current literature
demand a high computational cost and are often developed
for practical specific applications. Thus, in this paper, a
new method for analyzing PQ multiple disturbances is
proposed where only one device is monitored.

As from the ICA model, we assume that the original
disturbances are, at each time instant t, statistically
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independent. Conceptually, random variables, y1, ¥,..., Yn
are said to be independent if the information on the value of
yi does not give any information on the value of y;, for i # .
Adapted to our application, this means that the information
of one disturbance does not give any information about the
other disturbances. Also, we assume that the original
disturbances have nongaussian distributions [8].

The FastICA algorithm [14] was used in this work. It is
based on a fixed-point iteration scheme and, basically,
consists of two steps: preprocessing and the FastiCA
algorithm itself. The preprocessing step consists of
centering and whitening the data [8]. The centering of the
data is performed by subtracting the mean of the data from
the incoming signal in a processing frame. Data whitening
is used to remove the correlation between the observed data

[8].

IV. PrRoOPOSED METHOD

The proposed method to decouple multiple disturbances
can be basically split into blocks, as it is displayed in Figure
2.

x,(m) y,(n)

v(n) Adaptative | €()
Notch
Filter

Signal

Partitioning ICA

—

X, (1) AG)

Fig. 2. Block diagram of the proposed method.

The first stage comprises an adaptive notch filter
employed for removing the fundamental component of the
power system voltage signal {v(n)}. Thus, the remaining
signal after the first stage contains only PQ disturbance
information, except for the sags, swells and interruptions
that are PQ disturbances related to the fundamental
component. The adaptive notch filter structure used is PLL
(phased-locked loop), as proposed in [15]. The PLL
provides three advantages when compared to a classical
notch filter [14] that are: (i) no phase difference between
the estimated fundamental component and the input signal.
Thus, the error signal is synchronized with the input signal;
(if) real time estimation of fundamental component
amplitude and phase; and (iii) it is a robust structure with
respect to internal parameter variations, external noise and
small variations of system fundamental frequency.

The second stage concerns partitioning the resulting
signal e(n) into N signals {x;(n)}, {x(n)}, ..., {xn(N)}
through a sliding window. The first signal {x;(n)} is from
an acquisition window of e(n) (1,024 samples). The next
signal {x(n)} is from shifting the window by one sample.
The partitioning follows by using one sample sliding
windows. In the last stage, the set of N acquired signals is
applied to the FastICA algorithm, which aims at providing
the output of the isolated disturbances {y;(n)}, {y(n)},...,

()}

V. RESULTS

The goal of this section is to present results obtained
using real and simulated data, which point out the
capability of the proposed ICA-based method to decouple
multiple electrical disturbances.



As an illustrative example, Figure 3 shows a window
with 1,024 samples (4 fundamental cycles) of a simulated
signal that contains harmonics and notches disturbances.
This signal was simulated by software according to the
IEEE standards [17], with a sampling frequency of 15,360
Hz.
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Fig. 3. Simulated signal containing two disturbances (notch and harmonics).
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Fig. 4. Simulated mixtures that feed the ICA algorithm.

The fundamental component was removed by the
adaptive notch filter according to the procedure described in
Section V. After signal partitioning, two mixtures (1,024
samples) were generated, as it is shown in Figure 4.

Figure 5 shows the normalized output estimations of the
FastICA algorithm and Figure 6 shows the corresponding
normalized original sources. Qualitatively, the similarity
between the estimation and the original notch disturbance
can be noticed from these figures, although small residues
from the mixture are observed.

Considering now signals corrupted from capacitor
switching and harmonics, the same procedure was applied
and results are displayed in Figure 6, which shows a similar
result with respect to harmonics and notch disturbances.

Aiming at improving the ICA estimations, the
underdetermined case was explored. Now, three mixtures
{x1(n)}, {x2(n)} e {xs(n)} were presented to the FastiICA
algorithm. The same procedure was applied for three
mixtures of each multiple disturbance and the estimated
sources are displayed in Figures 7 and 8. A significant
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improvement can be verified in the estimated sources, as
the mixture residues were considerably reduced.

To evaluate the impact of the estimation source quality
of the proposed method on the classification task, a multi-
layer perceptron neural network [18] was fed from original
sources for the training phase and tested using the
estimated source signals obtained by the ICA-based method.
The neural network target was to classify notches, capacitor
switching and harmonics disturbances. The layer's weights
and biases were initialized according to the Nguyen-
Widrow initialization algorithm [19]. The activation
function was the hyperbolic tangent sigmoid. The RPROP
algorithm [20] was used to train the network.
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Fig. 5. Normalized estimated (a) and original (b) sources for the notch and
harmonic disturbances.

Like most classification methods, the neural network
was preceded by two stages: (i) feature extraction and (ii)
feature selection. These stages were based on the HOS-
based method proposed in [21], where higher-order
statistics (HOS) (the diagonal slices of second and fourth
order cumulants [22]) were used for feature extraction. For
feature selection, the Fisher’s Discriminant Ratio (FDR)
[23] was used, aiming at choosing a representative and



finite set of features among those obtained by HOS that 1 ‘ ‘ _ Estimation1 ‘ ‘ ‘
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Fig. 6. Normalized estimated (a) and original (b) sources for the capacitor
switching and harmonics disturbances.

The simulated data were generated with 1,024 samples
(4 fundamental cycles) and the sampling rate was f; =
15,360 Hz. After the Notch filtering, the last 512 samples
of the signal e(n) were discarded. Next, 8 parameters (5
fourth and 3 second order cumulants) were selected (by
FDR) and fed into the neural network input nodes for
classifier design. The neural network comprised 3
processing layers: an input layer with 8 nodes, 3 neurons in
the hidden layer and 3 output nodes, each one assigned to a
given disturbance class. Thus, during the operation phase,
the output node with maximum value determines the
disturbance class assigned to the incoming signal.

A total of 500 waveforms with both harmonics and
notches disturbances and 500 waveforms with both
harmonics and capacitor switching disturbances were
generated. The original sources of each disturbance of
these waveforms were used to design the classifier
previously described. The simulated disturbances were
generated according to the IEEE standards [17].

Fig. 8. Normalized estimated sources for the capacitor switching and
harmonics disturbances.

Next, the multiple disturbance waveforms were
presented to the proposed method (Fig. 2). First, the
waveforms were partitioned into two signals (x;(n) and
Xo(n) or mixture 1 and mixture 2). The correlation
coefficient between the original disturbance sources and the
ICA estimated sources was used as a figure of merit for
identifying which of the ICA estimations corresponds to
harmonics or capacitor switching (or harmonics or notch
disturbances, according to the mixture). Then, 500 ICA
estimations of the notches, 500 of the capacitor switching
and 1,000 of the harmonics were obtained. From the 1,000
harmonics estimations, 500 were related to the harmonics
from the harmonic and notch mixture and the other 500
were related to the harmonics from the harmonic and
capacitor switching mixture. Finally, these ICA estimations
were pre-processed (feature extraction) and presented to the
neural network. The underdetermined case was also
considered, where the multiple disturbance waveforms were
partitioned into three signals (xi(n), xx(n) and xz(n) or
mixture 1, mixture 2 and mixture 3). A similar procedure to
the two mixture case was applied.



Table | summarizes the achieved results. It can be seen
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To evaluate the performance of the proposed ICA-based
method to decouple multiple disturbances in real world
measurements, the experimental measurements shown in
Figure 1 were presented to the proposed system. Figures 9
and 10 show the ICA estimated sources from the waveform
voltage shown in Figure 1 (a), for two and three mixtures,
respectively. Figures 11 and 12 show the ICA estimated
sources from the waveform voltage shown in Figure 1 (b),
for two and three mixtures, respectively.

Analyzing the estimated sources from the real world
signals measurements, it is possible to verify the occurrence
of each disturbance listed in Section Il more clearly than
only by analysis of their own waveforms voltage. In Figure
9, the harmonics appear clearly in estimation 2, and in
Figure 10 these appear clearly in estimation 3. Short-
transient intervals can be shown clearly in estimation 1 of
Figure 10. In estimation 1 of Figure 12, the transients with
decaying oscillation appear more clearly than in Figure 11
and the harmonics roughly appear in Figures 11 and 12 in
estimations 2 and 3 respectively. These results show the
efficiency of the ICA-based proposed method when applied
to real data.
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Fig. 9. Normalized estimated sources for the waveform voltage shown in Fig.
1(a).
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Fig. 11. Normalized estimated sources for the waveform voltage shown in
Figure 1 (b).
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Fig. 12. Normalized estimated sources for the waveform voltage shown in
Figure 1 (b) using three mixtures.



V1. CONCLUSIONS

In this paper, a new method for PQ multiple
disturbances analysis, based on the ICA technique, was
presented. This method was able to decouple the
information between independent disturbance sources for
simulated and experimental data.

The results from simulated data reveal that the ICA is
capable of separating the occurrence of the multiple PQ
disturbances considered in this paper using only one
monitored device. As far as classification is concerned, the
ICA source estimation is good enough, producing high
classification efficiency.

The analysis of real world voltage disturbances shows
that the proposed technique is attractive for application in
power systems, where the occurrence of multiple
disturbances is not rare.
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