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Power Quality Data Mining Using Improved Probabilistic
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ABSTRACT ' 1. InTRODUCTION

In this paper, we propose a new technique to enhance Electrical power of good quality is essential for proper
the learning capabilities and reduce the computation operation of electronic equipments such as computers
mtensity of probabilistic neural network nsing the kmeans and Programmable Logic Controllers, Malfunction of

clustering algorithm for recognizing and classifying such equipment may lead to loss of production or

power quality disturbances. First, the Discrete Wavelet disruption of critical services resulting in huge financial

Transform is employed to extract the energy distribution and other losses. It is therefore necessary that critical

features of the distorted signal at different resolution loads be supplied with electricity of acceptable quality.
levels. Then, kmeans algorithm is applied to the training Recognition of the presence of any disturbance and
dataset to reduce the amount of samples to be presented classifying any existing disturbance into a particular type
to the neural network, by automatically selecting an is the first step in combating the problem. In particular,
optimal set of samples. Finally, the Probabilistic Neural when the disturbance type has been classified accurately,
Network classifies these extracted features to identify the power quality engineers can define the major effects
the disturbance type according to the energy features and of the disturbance at the load and analyze the source of
disturbance duration. The obtained results demonstrate the disturbances so that an appropriate solution can be
that the proposed technique performs exceptionally in formulated [13, [2].
terms of both accuracy and computation time when ) )
From earlier research, we have found that there exists a

applied to the power quality disturbances data set . . )

' ' behavioral pattern in the disturbances that can be learned.
compared to a standard learning schema that uses the

That is why an artificial neural network is so successful
full data set. The method is described and demonstrated : '

in detecting power disturbances; it is also capable of

using 6 different sets of power disturbances. i .
identifying new disturbances to some degree of
Keywords : data mining, Power quality, wavelet ‘
resemblance to the learned ones. The neural networks
transform, Probabilistic neural network, kmeans .

are widely considered as an efficient approach to
clustering. . . i
adaptively classify patterns, but their high computation

'Dr. Sivanthi Aditanar College of Engincering,  intensity and the long training cycles greatly hinder their
Tiruchendur, India. Ph.no : 9942172538, Email : applications, especially for the power disturbances
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problem, where the amount of treated data is very

"Thiagarajar College of Engineering , Madurai, important, Neural networks have been identified since

Email : kscee@tce.edu. the beginning as a very promising technique of addressing
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been performed to this end, and the results varied from
inconclusive to extremely promising. The pffmary
premise of neural networks that initially made it attractive
was its generalization property, which makes it suitable
to identify power disturbances. In addition neural
networks also posses the ability to classify patterns, and
this property can be used for power disturbances
classification, which is a cross disciplinary problem
combining signal processing, soft computing and power
engineering. The Probabilistic Neural Network (PNN)
[2,6,7] can function as a classifier and has the advantage
of being a fast learning process as it requires only a
single-pass network training stage without any iteration
for adjusting weights. Further, it can itself adapt to
architectural changes. As the structure of PNN is simple
and learning efficiency is very fast it is suitable for signal
classification problems. Hence PNN is considered as the
best-neural network for power disturbances classification.
But the major disadvantage of PNN is that all training
vectors must be stored and used to classify new vectors,
thus requiring large memories for many practical
problems [14]. A solution to this problem is to introduce
a-' ciﬁster_ing operatioﬁ to reduce the number of training
vectors without affecting the performance. In this work,
an aﬁémpt is made to improve the learning capabilities
of é probabilistic neural network and reduce the amount
ofzt_imejénd resource required by the learning process by
s::impling the input dataset to be learnt using the K-means
aléoritﬁm. ‘This paper is organized as follows: section 1
gives the signél processing technique for extracting
féattirés frofn raw signals; section 2 presenis k-means
cl.ﬁst..ering technique and the proposedtechnique of
sémples reduction, The section 3 presents the architecture
of tﬁe probabilistic neural network vﬁth the different used
parameters'. Secﬁon.é summarizes the obtained resulis

with comparison and discussions. The paper is finally

concinded with the most essential points and possible

future works.

Figl illusirates the principle block diagram of the
proposed classifier. The features that distinguish the
distorted signals are extracted using discrete wavelet
transform in the feature extraction block. The
disturbances are classified by applying data mining
technique using Probabilistic neural network (PNN) on
the relevant features and the reduced training samples

obtained from data selection phase using kmeans

clustering.
Data
Selection
A
Distorted Feature Data Minin Disturbance
Signat Exiragtion pf 2le MIRDE b (s

Figure 1 : Diagram Of Preposed Classifier

2. FEATURE EXTRACTION
2.1 Wavelet Transform
Wavelet analysis is a technique for carving up function
or data into multiple components corresponding to
different frequency bands. This allows one to study each
component separately. Wavelet analysis is a form of time-
frequency technique as it evaluates signal sixﬁultaneously
in the time and frequency domains [3]. It uses wavelets,
“small waves”, which are functions with limited c_ﬁergy
and zero average,

Jw @) =0 0
The functio—:s are typically normalized, ||| =1 and
centered in the neighborhood of ¢ = 0, It plays the same
role as the sine and cosine functions in the Fourier
anaiysis. In wavelet transform, a specific wavelet is first
selected as the basis function commonly referred to as

the mdther wavelet. Dilated (stretched) and transiated
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(shifted in time) versions of the mother wavelet are then
geneérated [2]. Dilation is denoted by the scale parameér

a while translation is adjusted through b

W".b(f)=ﬁw[fwbj @

a
where a is a positive real number and & is a real number.
The wavelet transform of a signal £ (¢) at a scale ¢ and
time translation & is the dot product of the signal f (1)
and the particular version of the mother wavelet, (0.
It is computed by circular convolution of the signal with

the wavelet function
dedl=lrw)= 0=

A contracted version of the mother wavelet would
correspond to high frequency and is typically used in
temporal analysis of signals, while a dilated version
corresponds to low frequency and is used for frequency
analysis. With wavelet functions, only information of
scale @ < 1 corresponding to high frequencies is
obtained. In order to obtain the low-frequency
information necessary for full representation of the
original signal f (£), it is necessary to determine the
wavelet coefficients for scale @ > 1. This is achieved by
introducing a scaling function ¢ () which is an
aggregation of the mother wavelets y (¢} at scales greater
than 1.The scaling function can also be scaled and

translated as the wavelet function,

4., ()= :}—;cé(ifi) )

With scaling function, the low-frequency approximation
of AY) at a scale ¢ is the dot product of the signal and
the particular scaling function [3], and can be computed

by circular convolution given by (5).

LAabl={/v..) = ?f(r)éé{%z]df s)

Implementation of these two transforms (3) and (5) can
be done smoothly in continuous wavelet transform
{(CWT) or discretely in discrete wavelet transform

(DWT).

Successful application of wavelet transform depends
heavily on the mother wavelet. The most appropriate one
10 use is generally the one that resembles the form of the
signal. Among the several wavelet functions that were
mentioned in the literature, the Daubechies families of
wavelets are the most widely used. Among the different
dbN (N-order) wavelets, db4 is the most widely adopted
wavelet in power quality applications. It has sufficient
number of vanishing moments to bring out the transients
while maintaining a relatively short support to avoid

having too many high-valued coefficients.

2.2, Multiresolution Analysis

One important trait of wavelet transform is that its
nonuniform time and frequency spreads across the
frequency plane. They vary with scale # but in the
opposite manner, with the time spread being directly
proportional to a while frequency spread to 1/a. The
resolutions of DWT vary across the planes. At low
frequency when the variation is slow, the time resolution
is coarse while the frequency resolution is fine. This
enables accurate tracking of the frequency while allowing
sufficient time for the slow variation to transpire before
analysis. On the contrary, in the high-frequency range, it
is important to pinpoint when the fast changes occur.
The time resolution is therefore small, but the frequency
resolution is compromised. This adjustment of the
resolutions is inherent in wavelet transform as the wavelet
basis is stretched or compressed during the transform
[4]. This ability to expand function or signal with

different resolutions is termed as multiresolution analysis,




which forms the cornerstone of many wavelet
applications. In this sense, a recorder-digitized fLéction
a (n), which is a sampled signal of f{7) , is decomposed
into its smoothed version a,(n) (containing low-frequency
componenis), and detailed version (containing higher-
frequency components) d (n), using filters #(n) and g(#),
respectively. This is first-scale decomposition. The next
higher scale decomposition is now based on signal @ ()
and so on (Fig. 1).
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Figure 2: Multiresoiution Signal Decomposition

Parseval’s Theorem

The energy disturbance features are obtained using
Parseval’s theorem which is given by

1 1 H1 2
_J_V_Z, Mt I|= ﬁgﬁwﬁing}gb‘h J (6)

The first term on the right of {6) denotes the average

power of the approximated version of the decomposed
signal, while the second term denotes that of the detailed
version of the decomposed signal. The second term
giving the energy distribution features of the detailed
verston of distorted signal will be employed to extract

the features of power disturbance.

2.3 Types of Disturbances

The Power Quality (PQ) of electrical power is usually
attributed to power-line disturbances, such as sag, swell,
interruption, harmonics, flicker, capacitor switching

transients and impulse transients.
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Figure 3: Types of Disturbances
Sag refers to decrease in amplitude and swell refers to
increase in amplitude. Interruption refers to the absence
of voltage for a short period. Thus, electromagnetic
transients, which are momentary voltage surges powerful
enough to shatter a generatof shaft, can cause sudden
catastrophic damage. Harmonics, sometimes referred to
as electrical pollution, are distortions of the normal
voltage waveforms found in ac transmission, which can
arise at virtually any point in a2 power system. The types
of disturbances considered in this paper for classification,

including pure sine wave are shown in figure 3.

2.4 Detailed Energy Distribution

The energy of the distorted signal can be partitioned at
different resolution levels in different ways depending

on the power quality problem. The coefficient w of the
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. . . . original signal
detailed version at each resolution level is used to extract 1 :
the features of distorted signal for classifying diffcreé = of \/\/\/\/
power quality problems [2]. The process can be y . , . ‘
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represented mathematically by (7) 1

Xl - HW I| o

Normahzc the energy features obtamcd from (7) 1 ' ‘ ’ '
Jal L/2 3
PP=(p) ®
-1 1 L ! L L

d 500 1000 1800 2000 2500 3000
sample points

sy
el
<

©
o

Figure 4 Shows The Daubauchie “Db4"” Wavelet
Function Adopted To Perform The DWT,

Figure 5: Sag at Different Instants
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Figures 5-8 shows that the energy distribution pattern ' , ‘ ' .
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remains the same for the event sag despite occurring at Sample Points
different instants and with different amplitudes. Figure 7 : Sag With Diffe_rent Amplitudes
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Figure 8: Energy Distribution Diagram For
Sag With Different Amplitudes

2.5 Duration of Transienfs

Employing the DWT technique to analyze the distorted
signal through one level decdmp‘osition of the MRA will
cause the wavelet coefficients at the start and end points
of the disturbance to generate severe variation. Therefore,
we can easily obtain the start time and end time of the
disturbance from. the variations in absolute wavelet
coefficients and calculate the disturbance duration. Fig
9, 10 shows the plot of level 1 and level 2 DWT
coefﬁciehté fof the disturbance interruption anﬂ pure sine
wave. The coefficients show variation for interruption
from which the disturbarice duration can be determined

but there is no variation for pure sine wave because the

signal is smooth.
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Figure 10 : Plot Of DWT Coefficients

For Pure Sine Wave

3. Darta RepucTioN PHASE

3.1 Data Clustering

Clustering of data is a method by which large sets of
data are grouped into clusters of smaller sets of similar
data. A clustering algorithm attempts to find natural
groups of components (or data) based on some
similarities. The clustering algorithm also finds the
centroid of a group of data sets. To determine cluster
membership, most algorithms evaluate the distance
between a point and the cluster centroids. The output
from a clustering algorithm is basically a statistical
description of the cluster centroids with the number of
components in each cluster. The ceniroid of a cluster is
a point whose parameter values are the mean of the
parameter values of all the points in the clusters. The k-
means algoritﬁm used in this work is one of the most

non-hierarchical methods used for data clustering.

3.2 Algorithm Description

The K-means algorithm [11] is one of the simplest
unsupervised learning algorithms that solve the well
known clustering problem. The procedure follows a
éimple and easy way to classify a given data set through

a certain number of clusters (assume k clusters) fixed a

Figure 9 : Plot Of DWT Coefficients For Interruption
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priori. The main idea is to define k centroids, one for
each cluster. These centroids should be placed iné
cunning way because different location causes different
result. So, the better choice is to place them as much as
possible far away from each other. The next step is to
take each point belonging to a given data set and associate
it to the nearest centroid. When no point is pending, the
first step is completed and an early grouping is done. At
this point we need to recalculate k new centroids as
barycentre of the clusters resulting from the previous
step. After we have these k new centroids, a new binding
has to be done between the same data set points and the
nearest new centroid. A loop has been generated; as a
result of this loop we may notice that the k centroids
change their focation step by step until no more changes
are done. In other words centroids do not move any more.
Finally, this algorithm aims at minimizing an objective
function, in this case a squared error function. The

objective function:

-2

n
J=1 i=1

: 2
|xij - cjll : (9)

. 2
where ”xf -c; ” is a chosen distance measure between

a data point and the cluster centre cj, is an indicator of
the distance of the n data points from their respective
cluster centers.
The general algorithm is composed of the following
steps:
Input:

k: the number of clusters,

D): a data set containing n objecté.
Output: A set of k clusters '
Method:

(1) Place k points into the space represented by the

objects that are being clustered. These points represent

initial group centroids.

1316

(2) Assign each object to the group that has the closest
centroid.

(3) When all objects have been assigned, recaiculate the
positions of the K centroids.

(4) Repeat Steps 2 and 3 until the centroids no longer
move. This produces a separation of the objects into
groups from which the metric to be minimized can be
calculated.

Although it can be proved that the procedure will always
terminate, the k-means algorithm does not necessarily
find the most optimal configuration, corresponding to
the global objective function minimum. The algorithm
is also significantly sensitive to the initial randomly
selected cluster centers. The k-means algorithm can be
run multiple times to reduce this effect. K-means is a
simple algorithm that has been adapted to many problem
domains. The proposed procedure is a simple version of
the k-means clustering. Unfortunately there is no general
theoretical solution to find the optimal number of clusters
for any given data set. A simple approach is to compare
the results of multiple runs with different k classes and
choose the best one according to a given criterion, but
we need (0 be careful because increasing k results in
smaller error function values by definition, but also an

increasing risk of over-fitting,

3.3 Data Selection Algorithm

In the present work, the role of the k-means algorithm is
to reduce the computation intensity and size of the neural
network, by reducing the input set of samples to be
learned. This can be achieved by clustering the input
dataset using the k-means algorithm, and then take only
discriminant samples from the resulting clustering
schema to perform the learning process [11]. By doing
50, we are trying to select a set of samples that cover at

maximum the region of each class in the N-dimensional
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space (N is the size of the training vectors). The input
classes are clustered separately in such a way toé{roduce
a new dataset composed with the centroid of each cluster,
and a set of boundary samples selected according to their
distance from the centroid. Reducing the number of used
samples will enhance significanily the learning
performances, and reduce the training time and space
requirement, without great lc')ss of the information
handled by the resulting set, due to its specific

distribution.

Algorithm

Let A be the input class;

k: the number of cluster; S; the number of samples to be
selected (S > k); Sam(i): the resulting selected set of
samples for the cluster i;

Out_ Sam: the output set of samples selected from the
class A,

Candidates: a temporary array that contain the cluster
points and their respective distance from the centroid.
.i,j,min, x: intermediates variables;

_&.: Neighborhood parameter

1} Cluster the class A using the k-means algorithm into
k cluster.

2) For each cluster cli (i 1...k) do

{Sam (i) :={ centroid (cli)};

=L

For each x from cli do

{Candidates [j].point:=x;

Candidates [j].location:=dist(x, centroid (cli));
=i+l

Sojrt the array Candidates in descending order with
respect to the values of location field;

Jo=h ‘

While ({card (Sam (i)))-;Num_samples(cli))

and (j<card {cli))} do{min:=100000;

For each x from Sam (i) do
{ if dist{Candidates[ji.point,x}<min
then min:= dist{(Candidates[j].point,x) ;
}
if (min > & ) then
Sam (iy=Sam ()| ] Candidates(j].point};

=il }
if card(Sam(i)) < Num_samples(cli) then
repeat {Sam(i):=Sam(i) U . Candidates
{random].point
} until {card (Sam (i)) = Num_samples (cli});
3) For i=1 to k do

Out_sam:=0Out_sam U Sam (1);

3.4 Clustering and Selection Parameters

As described above, the sampling algorithm has two
parameters to be defined as inputs: the cluster number k
of each class, and the number of samples to be extracted.
Different possible values were tested during the
experiments to find a good compromise between the size
of the resulting dataset and its coverage of the input
classes’ space. The initial centroid values are chosen
randomty from the training data set. Tablel lists the final
chosen parameters for each class. It is a small portion of
the initial dataset (40% only).The proposed algorithm
reduces the training data size from 600 samples to 240

samples.

Table 1: Samples Selected Using Clustering Technique

Class Initial Number Selected
Samples Of clusters Samples
Sag 150 6 60
Swell 100 5 50
Interruption 150 6 60
Harmonics 100 4 30
Flicker 100- 4 40
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4. ProBaBILISTIC NEURAL NETWORK (PNN)

Specht developed the Probabilistic Neural Netwoé
(PNN}, a 3-layer, feed forward, one pass training
algorithm for classification. In its standard form a PNN
is not trained. Training vectors simply become the weight
vectors in first layer. The major difference from a feed
forward network trained by the back propagation is that
it can be constructed after only a single pass of the

training exemplars.

The probabilistic neural-network (PNN) model is one
of the supervised learning networks, and has the
following features distinct from those of other networks

in the learning processes.

* Itisimplemented using the probabilistic model, such

as Bayesian classifiers,

* A PNN is guaranteed to converge to a Bayesian
classifier provided that it is given enough training

data.
* No learning processes are required
* No need to set the initial weights

* No relationship between learning processes and

recalling processes,

* The differences between the inference vector and the
target vector are not used

the network

The input layer has m units to which the m dimensional
input vector is applied. The first hidden layer has one
pattern unit for each exemplar. The second hidden layer
contains oﬁe summation unit for eaéh class. The output
layer is the decision layer which contains one neuron to

specify the class.

Fig.11 shows the architecture of the proposed PNN

classifier that is composed of the radial basis layer and

to modify the weights of

the competitive layer. The learning speed of the PNN
maodel is.very fast, making it suitable for fault diagnosis

and signal classification problems in real time [2].
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Figure 11: Diagram of the Proposed PNN Classifier

The PNN can function as a classifier and has the
advantage of being a fast learning process as it requires‘
only a single pass network training stage without any
iteration for adjusting weights. Further, it can itself adapt
to architectural changes. As the structure of PNN is
simple and learning efficiency is very fast it is suitable
for signal classification problems. Its major disadvantage
is that all training vectors must be stored and used to
classify new vectors, thus requiring large memories for
many practical problems. A solution to this problem is
ﬁo introduce a clustering operation to reduce the number
of training vectors without affecting the performance
[14). The reduced training samples obtained from kmeans
clustering technique and the sample selection algorithm
described above improves the performance of PNN

classifier.




Power Quality Data Mining Using Improved Probabilistic Neural Network

In the signal classification application, the tr?ing
examples are classified according to their distribution
values of probabilistic density function (PDF), which is

the basic principle of the PNN. A simple PDF is defined

as follows:
1 & Jx - x|
fi(x)= N—“ZI exp | — __5;_2_,_ (10)

Modifying and applying (10) to the output vector H of
the hidden layer in the PNN is as below

H, = exp (1)

2

- Z (X 1’~Wihxh )
207

The algorithm of the inference output vector Y in the

PNN is as follows:

1 ;
net) <=2 Wy -Hy and Ny =3 W (1)

VL

if net, =m3x(netk) thenY, =lelse Y =0 (13

where

i number of input layers;

h number of hidden layers;

] number of output layers;

k  number of training examples;

N, number of classifications (clﬁsters);

¢  smoothing parameter or spread factor

X -input vector;

‘ Euclidean distance between the vectors

|x-x,
Xand X, e [X - X |= 3, (%, - %, ]

W}:" is the connection weight between the input

layer X and the hidden layer H;

W,;y is the connection weight between the hidden

layer H and the output layer Y .

4.1 Network Architecture Used With the Standard
Method

The input layer contains 14 nenrons (13 energy features
from DWT, time of duration), the first hidden layer
contains 600 neurons (600 training exemplars) and the
second hidden layer contains 6 neurons (6 classes) and
the final output layer contains one neuron. The spread

factor is chosen as 0.01.

4.2 Network Architecture Used With the Proposed
Method

Since the proposed schema use a reduced set of samples
from the original data set because of clustering technique,
the network architecture can be more frivial. We use an
input layer of 14 neurons two hidden layers with
240(selected training exemplars from clustering) and 6
neurons respectively, and the final output layer with one

neuron.

5. APPLICATION AND RESULTS

5.1 Signal Modeling

Signal modeling by parametric equations for classifiers
tests was advantageous in some aspects. It was possible
to change testing and training signal parameters in a wide
range and in a controlled manner. Signals simulated that
way were very close to reality. On the other hand,
different signals belonging to the same class gave the
opportunity to estimate the generalization ability of
classifiers based on Neural Networks. Signals belonging
to six main groups of disturbances {9], were simulated.
The classes and respective parametric equations for
simulation of signals are summarized in Table 2 As a
special group, the nondisturbed signals were chosen (pure
sinusoid). The ranges of signals parameter variation are
shown in Table 3.The variation range corresponds to

values measured in real power systems.




Karpagam.Jcs Vol. 4 Issue 1 Nov, - Dec. 2009

In order to obtain representative signals for the most:
common power quality disturbances to serve the purpofi
of training, aé well as the testing of the PNN classifier,
power duality disturbance signals are simulated using
Matlab. Six categories of disturbances are simulated,
nameiy, undisturbed sinusoid, sudden swell, sudden sag,
interruption, harmonics, and voltage flicker. The
disturbances are based on ten cycles of voltage
waveform. These waveforms are generated ata sampling

rate of 256 samples / cycle for a total of 3001 POints.

Table 2 : Parametric Equations For Simulation Of
Disturbed Signals

| Event Equation
smgid | VE)=sinGwt)

S5 | 1o (et )t )i
vﬁ‘)= 1+asw((]'& ""tl )—IQ _tz)))Sil{Wt)
WO=1-()-)ire)

amonics | v(0)= [a o Sinfwt)+a, sin(3wt)+}

| os sinGwi)a, sin(7wr)

Swell

Interruption

v@= ﬁ +a., sin @f wt))sin(wt)

The described experiments were implemented using the
MATLAB7 environment, on a Pentium IV, 2.88 GHz,
with 256 Mb of memory.

Flicker -

i

5.2 Result of the Proposed Classification Method

Using the output set of samples obtained from the
clustering phase, we construct a neW training set and the
resulting set is presented to the prdbabilistic neural
network described above. Table5 sumrﬁarizes the
obtained performances results. Because the goal of this
work is to enhance the learning capabilities of the

probabilistic neural network techniques for classification
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Table 3 : Parameters Variation In Simulated Signals

Event Parameters Variation
Pure Amplitude 1
Sinusoid Frequency 50 Hz
Duration (1, - ¢, }= (0 - oy
Sag Amplitude 0. =0.3-0.8
Duration  : {t, mtl)= (O—S)T
SVl gmplitude o = 0.3~0.7

Interruption

Order :3,5,7 .
Harmonics | Amplitude :0 - 0.9
Frequency (5 - 10 ))Hz
Flicker

a,=01-02

of power quality disturbances, the proposed method is
compared to a classic probabilistic neural networks
implementation that use the full set of samples. The 10-
fold cross validation evaluation result of the PNN
classifier for the six data sets is show_n in Table 4. The
diagonal element (shown by bold letters) represent
correctly classified PQ events. In Table 5, the 10-fold
cross validation evaluation result of the PNN classifier
with clustering technique for the six data sets is shown.

Cross-validation, is the practice of partitioning a sample

Table 4 : 10-Fold Cross Validation Evaluation
Result Of The PNN Classifier

Signal| Sine | Sag | Swell] Inter | Har { Flick
Sine | 100 0 0 0 0 0
Sag 0 88 0 12 0 0

" Swell 0 0 ‘100 0 ] o

Interr | 0O 17 0 83 0 0
Har 0 0 0 0 100 0
Flick. 0 0 0 0 0 100

Overall 94
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of data into subsets such that the analysis is injtially
performed on a single subset, while the other séset(s)
are retained for subsequent use in confirming and
validating the initial analysis. The proposed PNN
classifier with clustering technique achieves 97%

accuracy.

Table 5 : 10-Fold Cross Validation Evaluation
Result Of PNN With Clustering

Signal | Sine | Sag i Swell | Inter | Flick| Har
Sine | 100 | 0 0 0 04 0
Sag 0 94 0 6 0 0
Swell | 0 0 100 0 0| o
Interr 0 10 0 9 {0 1]
Har 0 0 0 0 |100| ©
Flick | 0 0 0o | o 0 | 100
Overall 97

Péraxneters PNN gﬁi;::}gl
Training time 0.02 0.01
Testing titne 0.005 0.003

g;ﬂ’;‘g 600 240
Aoc::,sll::ily 24 77

The test result shows that the PNN classifier with
clustering technique attains better recognition rates with
less number of training data when compared with the
conventional PNN classifier. The problem of over fitting
does not likely happen in our PNN model since only one
parameter (smoothing factor) needed to be adjusted. The
tuning of the smoothing parameter is stopped whenever
the tra.ined PNN classifier generates the fewest errors in

cross validation tests. It is chosen to be 0.01.
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6. Concrusion anp Future Worx

Since the high computation intensity and the long training
cycles are the main obstacle to any neural networks, we
propose a new learning schema to reduce the amount of
used samples using a k-means clustering algorithm. The
proposed method can reduce the quantity of training data
without losing its property, thus requiring less memory
space and computing time for proper classification of
disturbance types. The experimental results showed that
the proposed method has the ability of recognizing and
classifying different power disturbance types efficiently,
and it has the potential to enhance the performance of
the power transient recorder with real time processing
capability. The proposed classifier has provided
significant improvement in ¢lassifying the PQ events,

as compared to the conventional PNN classifiers.

More work must be performed to find an optimal way to
determine the number of used clusters and selected
samples of each class. This work use only heuristics and
trays to determine these parameters. Because the
distorted signals in this study were generated by
simulation, employing real distorted signals measured
by the digital recorder to improve the proposed method
for more number of disturbances is one of our future

works.
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