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Abstract
This paper proposes a  radial basis functional link network 
(RBFLN) –a combination of radial basis functions with the 
random vector functional link nets. This novel S-transform(ST) 
based neural classifier scheme is used for time series data 
mining of power quality events occurring due to power signal 
disturbances. The extracted features from the S – transform 
are  used with different types of neural classifiers such as 
multilayered perceptron network (MLP), probabilistic neural 
network (PNN), and proposed radial basis functional link 
network for pattern classification. This result can be used for 
further data mining and subsequent knowledge discovery.

Keywords
S-Transform, Time series database, Neural network(NN), 
Feature extraction, Classification.

I. Introduction
As the development of power industry and the application 
of power electronic equipments in power system is gaining 
momentum , the problems of power quality, like voltage sag, 
voltage swell, voltage interruption, harmonics , voltage notch, 
and different combination like (sag + harmonics) etc., have also 
aroused great attention. The effective detection and recognition 
of power system problems is important for the improvement 
of power quality. So, feature extraction and classification for 
problems of power quality has important  significance.
The main methods used in feature extraction for problem 
of power quality are wavelet transform, windowed Fourier 
transform [1], d-q transform [2], kalman filtering [4] etc., and 
the main method for automatic classification is neural network. 
[6] . The calculation of Fourier transform is simple and easy to 
realize, but, Fourier transform is not suitable for the analysis 
of power quality disturbances because of its poor localizing 
ability for time and frequency. Wavelet transform [5] is time-
scale analysis, and the scale according to wavelet function is 
not corresponding to the frequency, and the transformation 
process is complex, the result is lacking directness and easy to 
be affected by noise As the extension of wavelet transform and 
Fourier transform, the S-transform introduced by Stockwell and 
other scholars [3,9] has good time-frequency analyzing ability.  
S-Transform is ideal for pattern recognition of power network 
disturbances [7,8]. It produces patterns in the time-frequency 
plane that characterizes each disturbance and lends itself to 
visual classification. The next step in this paper is to transform 
the visually distinguishable patterns to feature vectors that can 
be used by classifiers such as neural networks to automatically 
classify the disturbances. The output of the S-Transform is a 
matrix whose rows pertain to time and whose columns pertain 
to frequency.  This matrix called the S-Matrix contains all the 
values of the complex valued S-Transform output.  
Fig. 1 shows the 3-dimensional S-Matrix of an oscillatory 
transient.  Two different  amplitude versus time graphs can 
be obtained by looking at the S-Matrix from the low frequency 

(View 1) or from the high frequency (View 2).

Fig. 1 : Absolute value of the S-Matrix

The extracted features from the S – transform can be  used 
with different types of neural classifiers such as multilayered 
perceptron network (MLP), probabilistic neural network (PNN), 
and proposed radial basis functional link network for pattern 
classification.

II. Neural networks for pattern recognition
An artificial neural network is a powerful tool that consists of 
neurons, activation functions and adaptable weights. It is an 
attempt to simulate the architecture of human brain. Artificial 
Neural Networks (ANNs) have been extensively applied in many 
fields of science and engineering. The major reason for this 
rapid growth and diverse application of neural networks is their 
ability to model any nonlinear function to an arbitrary degree 
of accuracy. They are universal and highly flexible function 
approximators and useful for large-scale tasks, such as pattern 
recognition, classification and time series forecasting. Once the 
neural architecture is determined and its weights are initialized, 
training can start. A set of training vectors is used to train the 
network. The training vectors consist of a set of inputs and a 
set of target outputs. After the error between the outputs and 
target outputs are computed, a training algorithm will adjust the 
weights to minimize the error. The various neural architectures 
differ in the way of how the interconnections between neurons 
are made, type of activation function, and training algorithm. 
The pattern classification of time series data is undertaken by 
a few neural potential network architectures that include the 
multilayered perceptron neural network (MLP) and probabilistic 
neural networks.  In order to improve the classification accuracy 
a novel neural architecture comprising hybrid combinations 
of the radial basis function neural network and a functional 
link network that provides a more robust pattern recognizer 
for non-stationary time series data is undertaken for detailed 
study.  The inputs to these neural networks are the features 
obtained  by using S-transform based processing ed processing 
of the time series data.

III.Multilayered perceptron (MLP)
A multilayer perceptron is used for learning the feature vectors.  
From experience, 30 neurons in the hidden layer give the best 
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results. The tan-sigmoid function is used as the transfer function 
in the hidden layer neurons. The output layer comprises of ten 
neurons, one neuron for each class. For a particular class of 
signal, the neuron corresponding to that class should ideally 
exhibit an output of one while the other neurons exhibit an 
output of zero. The log-sigmoid transfer function was picked 
because of its output range (0 to 1) is perfect for learning 
to output Boolean values. However, in practical cases this is 
not achievable.  To circumvent this problem a post-processing 
unit is added to select the neuron with the highest excitation 
as the class of the signal. The network is trained with a back 
propagation algorithm in which, the error measure E is given 
as: 

( )
2

1
∑
=

−=
Q

j
ij xdE         (3.1)

Where Q is the number of training samples and the weights 
are updated as 

)()1( kEk w wahw ∆+∇−=+∆      (3.2)
where ∇wE is the gradient with respect to weightw , and α is 
the momentum constant, and η is the learning rate. 
The gradient decent algorithm was implemented in batch 
mode. The performance of a gradient decent algorithm is very 
dependent on the learning rate. If the learning rate is too large, 
the training would oscillate back and forth and on the other 
hand if the learning rate is too small, it would take a long time 
to reach convergence. To overcome this problem an adaptive 
learning rate that attempts to keep the step size as large as 
possible without causing oscillation is used. The learning rate is 
made responsive to the complexity of the local error surface.

IV. Probabilistic neural network (PNN)
A probabilistic neural network is a variant of a radial basis 
function neural network.  It consists of a radial basis layer and 
a competitive layer.  The transfer function in the hidden layer 
can be written as

                              (4.1) 

Where φ is the radial basis function, x is the input of the neuron, 
xc is the center of the neuron and ||  || is usually taken to 
be the Euclidean distance.  The Probabilistic Neural-Network 
(PNN) model is one of the supervised learning networks. It is 
implemented 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 of the network. No relationship between learning 
processes and recalling processes. The differences between 
the inference vector and the target vector are not used to 
modify the weights of the networks. In the signal classification 
application, the training 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:
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Modifying and applying (4.2) to the output vector H of the hidden 
layer in the PNN is as below
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The algorithm of the inference output vector Y in the PNN is 
as follows:

1 .  and ,hy hy
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net net Y Y= = =    (4.4)
where 
i  - number of input layers,h - number of hidden layers, 
j - number of output layers,
k - Number of training examples, Nk   - Number of classification 
(cluster), σ – Smoothing parameters (standard deviation) , 0.1< 
σ <1, X - input vector.
Euclidean distance between the vectors X and Xkj, 

( )2kj i kji
X X X X− = −∑ ,

xh
ihW -Connection weight between the input layer X and the 

hidden layer H;
hy

hjW -Connection weight between the hidden layer H and the 
output layer Y.
In training a Probabilistic Neural Network, the spread factor σ 
is an important factor.  If the spread of the Gaussian function 
is too small, the Gaussian is sharply peaked and the neurons 
are not able to cover the input space well.  This will result in 
poor generalization. However, if the spread is too large, there 
would be large overlaps in the input space and all neurons 
will give large values (near 1.0) for all inputs. The probabilistic 
neural network is trained for spread values 0.1, 0.05 and 0.01 
and with an orthogonal least square algorithm. 

V. A novel radial basis functional link neural network 
(RBFLN)
The radial basis function neural networks (RBFNNs) train rapidly, 
are robust and based on elegant concepts [11]. The radial 
functions (RBFs) originated in 1964 as potential functions, but 
were first used for nonlinear regression.  The architecture and 
training algorithms for RBFNNs are simple and they train more 
quickly than do multiple perceptron (MLP) networks. Unlike 
MLPs, they allow somewhat for explanation when interpreted as 
fuzzy rule-based systems. We use RBFs with the random vector 
functional link nets (RVFLNs) to obtain the powerful radial basis 
functional link nets (RBFLNs). As RBFNN represents a nonlinear 
model while the RBFLN includes that nonlinear model as well 
as a linear model (the direct lines from the input to output 
nodes) so that the linear parts of a mapping do not need to be 
approximated by the nonlinear model. Thus the RBFLN is a more 
complete model of a general nonlinear mapping.  Both MLPs 
and RBFNNs are universal approximators, and thus RBFLNs are 
also universal approximators because they are more general 
and include RBFNNs. 
The radial basis functional link net is a variant of the functional 
link net or the radial basis function neural network. It is more 
general than the RBF neural network because it consists of 
both nonlinear and linear links.  In the following section a 
new algorithm has been presented to train the radial basis 
RBFLN for pattern recognition of non-stationary power signal 
database. 
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Fig. 2 : Radial Basis Functional Link Neuron (RBFLN)

The RBFLN shown in fig. 2 has an input layer of M units, a 
hidden layer consisting of Gaussian node functions of m 
units, a set of weights W, to connect the hidden layer and 
output layer. Let x  be the input vector T

M,2,1 )x..........xx(x =
, where M represents input dimension.  The output vector 

T
Noooo ),.........,( 21= , where N  is the numbers of output node.  

For P  training patterns, RBFNN approximates the mapping 
from the set of input { })P(x..),........(x),(xX 21= , to the set of 
outputs, { })(...),........2(),1( PoooO =  .  For an input vector )(tx , the 
output of j th output node produced by an RBF is given by
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Where ic is the center of the ‘i’ th hidden node, is  is the 
width of the ‘i’ th   center, and totm  is the total number of 
hidden nodes.
If output of the hidden neurons, by vector notation

))t(....,),........t(),t(( totφφφ=ϕ 21                              (5.2)
and weight vector for the hidden RBF units

)w,..........,.........w,w(w mjjjj 21=  and the weight vector for 
the linear units )w,..........,.........w,w(w mjj2j1j ′′′=′
RBFLN output can be written as 

j
T

jj wwo ′+ϕ=              (5.3)        

In our implementation these sets of centers are trained with 
K-means clustering approach, where the centers are initially 
defined as the first training cm  inputs that correspond to a 
specific class c .  The Centroid vector is given by 

{ })c(x.,),........c(x),c(x)i(C mcc 210 ==        (5.4)      
At each iteration i , following a new input )(ix is presented, 
the distance for each of the centers is denoted by 

)i(jj c)i(x)i( 1−−=ρ                    (5.5)
where cm...,,.........2,1j =   
The kth center is updated by the following equation:

)i()i(C)i(C kkk ρα+−= 1
          (5.6)

k  is chosen in such a way that it minimizes )(ijr
Thus, )i(arg(min(k jρ= ))        (5.7)
And a is the learning rate. 
The width associated with the k th center is adjusted as
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Where N  is the number of hidden neurons.
The weights of the RBFLN classifier can be trained using the 
linear RLS (Recursive Least Square) algorithm. The RLS is 
employed here since it has a much faster rate of convergence 
compared to the gradient search and least means square (LMS) 
algorithms.
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Where l  is real number between 0 and 1, 1)0( −= aP I, and a 
is a small positive number and , 0)0(w j =′ l  can be treated 
as a forgetting factor and can be varied as

)()i()i( 00 11 λ−+−λλ=λ         (5.12)
And 0λ  and )0(λ  are tuneable parameters. 
The computational steps involved in implementing of RBFLN 
for fault classification are:

For each class 1. c  initial centers are first input sets that are 
initc mm = (initialization).

Train the RBFLN using current set of centers to get cross 2. 
validation error for class { }

CNeeeec .....,,, 21= (clustering 
of centers).
 3. that is me has not decreased by 0.15 
% over last iteration, go to step 5(convergence test).
Add 4. ince centers to cN classes with highest error, to get a 
new m , then go to step 2.
The RBFLN is used with the  Current m.5. 

The hidden layer is constructed with 247 hidden units. The 
network is trained for 2000 epochs.  Different spread values 
are tried to obtain the best results.

VI. Phase corrected wavelet - S-Transform
The S-Transform of a time series ( )y t  is defined as:

( ) 2( , ) ( ) , i ftS f y t g t f e pt t
∞

−
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= −∫                 (6.1)

Where the Gaussian modulation function g(τ , f) is given by
2
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With the spread parameter inversely proportional to the 
frequency

1
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the final expression becomes
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Where f is the frequency, t and τ, are both time. 
The S-Transform of the continuous time function ( )y t  can also 
be defined as a CWT with a specific mother wavelet  ),( dW t  
multiplied by a phase factor. 

2( , ) ( , )i fS f e W dp tt t=          (6.5)
Where the mother wavelet  is defined as
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Where  the dilation factor is the inverse of the frequency f. 
The phase factor in equation (6.5) is in fact a phase correction of 
the definition of the Wavelet Transform. It eliminates the concept 
of “wavelet analysis” by separating the mother wavelet into two 
parts, the slowly varying envelope (the Gaussian function) that 
localizes in time, and the oscillatory exponential kernel that 
selects the frequency being localized. It is the time localizing 
Gaussian that is translated while the oscillatory exponential 
kernel remains stationary. By not translating the oscillatory 
exponential kernel, The S-Transform localizes the real and 
imaginary components of the spectrum independently, localizing 
the phase spectrum as well as the amplitude spectrum. This 
is referred to as absolutely referenced phase information. The 
choice of windowing function is not limited to the Gaussian 
function. Other windowing function was tried with success. 
 The inverse S-Transform is given by
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       (6.8)
And since ( , )S ft  is complex, it can be written as 

( , )( , ) ( , ) i fS f A f e q tt t=         (6.9)
Where ( , )A ft  is the amplitude of the S-spectrum and ( ), fq t  
is the phase of the S-spectrum.
The phase spectrum is an improvement on the wavelet transform 
in that the average of all the local spectra does indeed give the 
same result as the Fourier Transform. Equation (6.4) is derived 
on the assumption that the spread of the Gaussian modulation 
function is proportional to the inverse of frequency. To increase 
the frequency resolution, the spread of the Gaussian window 
σ is written as 

f
a

s =
                    (6.10)

And the generalized S-Transform is obtained as,  
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In equation (6.10) α controls the frequency resolution. If α is 
above 1, the frequency resolution would increase. Likewise if 
α is below 1, the time resolution improves. 
The S-Transform is a linear operation on the signal ( )y t .  If 
additive noise is added to the signal ( )y t , it can be modelled 
as ynoisy(t)= ( )y t +η(t).  The operation of the S-Transform leads 
to

{ } { } { }( ) ( ) ( )noisyS y t S y t S th= +        (6.12)
The amplitude and phase spectrum of S-transform are given 

by   ))),(Re(/)),((Im(),(
)),((

jnSjnSangjn
jnSabsA

=

=

f       (6.13)   

The discrete version of the S-Transform of a signal is obtained 
as 

           (6.14)

where Y[m + n] is obtained by shifting the discrete Fourier 
Transform (DFT) of y(k) by n, Y[m] being given   

     (6.15)

And     (6.16)

Where j, m and n = 0, 1, ….., N-1
Another version of the discrete S-Transform used for 
computation 
    (6.17)

for m = 1, 2, …, M and n = 0, 1, 
2, …N/2
Where M is the number of data points of the signal y[m], N is 
the width of the window, the signal vector y[m] is padded at 
the beginning or at the end with 0.
The computation of the S-Transform is efficiently implemented 
using the convolution theorem and FFT.  The following steps 
are used for the computation of S-Transform:
Compute the DFT of the signal y(k) using FFT software routine 
and shift spectrum Y[m] to Y[m+n].
Compute the Gaussian window function  for 
the required frequency n.
Compute the inverse Fourier Transform of the product of DFT 
and Gaussian window function to give the ST matrix.

VII. Feature selection based on S- Transform
The output from the S-Transform is an N by M matrix called the 
S-matrix whose rows pertain to frequency and whose columns 
pertain to time.  Each element of the S-matrix is complex valued.  
The S-matrix can be represented in a time-frequency plane 
similar to that of the wavelet transform. Here a  is normally set 
to 0.4 for best overall performance of the S-Transform, where 
the contours exhibit the least edge effects and for computing 
the highest frequency component of an oscillatory transient 
waveform a  is set equal to 1 or 3 as required. 
Feature extraction is done by applying standard statistical 
techniques to the contours of the S-matrix as well as directly 
on the S-matrix. These features have been found to be useful for 
detection, classification or quantification of relevant parameters 
of the signals.  The power network signal is normalized with 
respect to a base value, which is the normal value without 
any disturbance. The resolution factor α was set to 0.4 for 
better time resolution.  Four features were extracted from the 
S-transform output. They are:
1. F1 = max (A)+min (A)-max (B).
where A is the amplitude versus time graph from the S-matrix 
under disturbance and B is the amplitude versus time graph 
of the S-matrix without disturbance.
2. 2F = Standard deviation (s ) of contour No.1 having the 
largest frequency   

Magnitude =   
N

yy
N

i
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4. =4F Total harmonic distortion of the signal.
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where N is the number of points in the FFT, 
nV the value of the 
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nth harmonic component of the FFT.
5.  =5F  Maximum Frequency of the signal
6. =6F  Mean of the lowest contour above twice the normalized 
fundamental  frequency.
7. =7F Skewness 

8.  =8F  max( ) min( )Cr Cr−
9.  

9F =  Standard deviation of Cr. where Cr is the amplitude 
versus time graph of the S-matrix for frequencies above twice 
the normalized fundamental frequency magnitude versus 
time.
 10. F10 =Average power for frequencies above 2.5 times the 
fundamental frequency.
These features are found to be well suited to distinguish the 
twelve (12) classes of power quality disturbances like Normal, 
Sag, Swell, Momentary Interruption (MI), Harmonics, Sag with 
Harmonic, Swell with Harmonic, Flicker, Notch + Harmonics, 
Spike + Harmonics, Transient (low frequency),Transient (high 
frequency).

VIII. S-Transform based neural classifiers
For steady state short-time disturbance signal patterns like 
voltage dip, voltage swell, and voltage interruptions time series, 
the value of F1 varies from 0.05 to 0.90, and from 1.15 to 1.8.  
However, for single and multiple notched time series this value 
lies between 0.85 and 0.98. For normal, oscillatory transients, 
impulsive transients, the value of F1 lies between 1.0 and 
1.08.  The standard deviation feature F2 is less than 0.05 for 
the steady state power signal disturbance time series (voltage 
sag, voltage swell, and interruption, etc.) and for oscillatory 
transients, impulsive transients, and notches, it is more than 
0.1 and can go up to maximum of 0.2.
The energy feature F3 is less than 0.03 for the transients 
and for all other signals it varies between 0.05 and 0.1.  
Other features like mean, skewness, and factors can provide 
distinction between patterns. In a practical situation the time 
series data collected from the power network could run into 
several gigabytes and in such a case the data is partitioned 
into several sections and feature extraction is attempted 
for each partitioned section. Also in a large data set similar 
disturbance pattern exists and this can be easily identified from 
these features with the help of trained neural networks. Three 
different neural network architectures namely the Probabilistic 
Neural Network, Multilayer perceptron and the Radial Basis 
Functional link net were trained using the various extracted 
features and are used as classifiers.
The network is trained in batch mode with a total of 300 training 
vectors representing the ten different classes.  The feed forward 
network is trained for 1000, 1500, and 2000 epochs with the 
goal set at 1% mean square error.  A test vector of 150 signals 
is used for testing the neural network. The network is also 
tested with signals added with 30dB of white Gaussian noise. 
Different spread values were tried to obtain the best results.  
The classification results are shown in Table 1.

Table 1 : Comparative classification result

Time series data 
features

MLP PNN RBFLN

Pu
re

30
db

Pu
re

30
db

Pu
re

30
Db

Oscillatory 
transient 90 95 95 80 80 90

Impulsive 
transient 95 85 95 60 100 70

Notch 100 100 90 95 90 95
Voltage swell 100 100 90 85 90 90
Voltage sag 80 96 80 75 80 70
Interruption 100 100 100 100 100 100
Harmonics 90 85 90 90 90 90
Swell+ harmonics 100 100 100 100 100 100
Sag+harmonis 100 100 75 70 100 100
Average 95.0 83.4 90.5 83.8 92.2 89.4

IX. Conclusion
RBFLN shows very good classification results. All feature vectors 
have been passed to different neural network for comparison. 
The scanning of various classification result presented in this 
paper show that time-frequency analysis technique along with 
neural network can perform classification of power quality 
events in power networks with both simulated and field data 
with more accuracy. 
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