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Power System Events Classification using
Pattern Recognition Approach∗

S. R. Samantaray, P. K. Dash, and G. Panda

Abstract

A new approach for power system event recognition and classification using HS-transform and
RBFNN is presented in this paper. Different power system events (disturbances) like sag, swell,
notch, spike, transient, and chirp are generated and processed through Hyperbolic S-transform
(HS-Transform). The excellent time-frequency resolution property of HS-Transform is used to
extract useful information (features) from the non-stationary signals for pattern recognition. Here
HS-transform generates the S-matrix and S-matrix provides the time-frequency contours, phase
contours and absolute phase of the corresponding signal. From the above extracted information,
various numerical indices like standard deviation, variance, norm, energy are found out. Further
these indices are used as inputs to the Radial Basis Function Neural Network (RBFNN) for classi-
fying different power system events accordingly. The RBFNN provides accurate results even with
inputs (indices) found out under high noise conditions (SNR 20 dB). Thus the proposed method
provides a robust and accurate method for power system events classification.

KEYWORDS: power system events, HS-transform, time-frequency contours, phase contours,
RBFNN
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I. INTRODUCTION 
 
The increased demand on supervision, control and performance in modern power 
system makes power quality monitoring an essential part for utilities. Power 
quality problems involves voltage sag, voltage swells, notch, spike, switching 
transient, impulses, flicker and harmonics etc.. The power quality problem 
becomes more pronounced in the presence of power electronic devices and 
microprocessor based systems widely used for modern industrial control strategy. 
The quality of power supplies has major concern of electric utilities and end users 
as well with the competitive electricity markets under deregulation. To study the 
power quality problems, it is required to monitor the voltage and current 
waveforms and identify the different disturbances from these measurements. After 
detecting the disturbance, it is required to identify the source of disturbance. 
Monitoring power quality disturbance is carried out most often by short time 
discrete Fourier Transform (STFT). But   STFT is well suited for stationary signal   
where frequency does not vary with time. For non-stationary signal STFT does 
not recognize the signal dynamics properly due to the limitation of fixed window 
width. As power system disturbance is a non-stationary signal, it needs proper 
tool for tracking or recognizing. In this context Wavelet Transform provides a 
better framework for power quality monitoring.. 
 
Wavelet Transform [1-3] provides the time-scale analysis of the non-stationary 
signal. It decomposes the signal to time scale representation rather than time-
frequency representation. Wavelet transform (WT) expands a signal into several 
scales belonging to different frequency regions by using translation (shift in time) 
and dilation (compression in time) of a fixed wavelet function known as mother 
wavelet.  Wavelet based signal processing technique is one of the new tools for 
power system transient analysis and power quality disturbance classification and 
also transmission line protection. The discrete wavelet transform and multi-
resolution analysis provides a short window for high frequency components and 
long window for low frequency components and hence provides an excellent time 
frequency resolution. This allows wavelet transform for analysis of signals with 
localized transient components. But wavelet transform fails to provide accurate 
result when noise is pronounced .Also for classifying low and high frequency 
power quality problems neural networks are required along with the features 
extracted from wavelet multi-resolution analysis. Other attempts for signal 
classification using neural network   has been reported in [4]. 
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On the other hand, S-transform [5-9] is an invertible time-frequency spectral 
localization technique that combines elements of wavelet transforms and short-
time Fourier transform. The S-transform uses an analysis window whose width is 
decreasing with frequency providing a frequency dependent resolution. S-
Transform is continuous wavelet transform with a phase correction. It produces a 
constant relative bandwidth analysis like wavelets while it maintains a direct link 
with Fourier spectrum. The S-transform has an advantage in that it provides multi 
resolution analysis while retaining the absolute phase of each frequency. This has 
led to its application for detection and interpretation of events in a time series like 
the power quality disturbances. The real and imaginary spectrum can be localized 
independently with a resolution in time corresponding to the basis function and 
the changes in the absolute phase of a constituent frequency can be followed 
along time axis and useful information can be extracted. The phase correction 
property of  S-transform can provide significant improvement in the detection and 
localization of power quality disturbance transients. 
 
This paper presents HS-transform to extract features to classify power system 
events due to the following advantages over generalized S-transform. The 
resolution of the S-transform can be improved by using a narrower window. 
When the window is narrowed in the time domain, it inevitably widens in the 
frequency domain with consequent loss of resolution in the frequency direction on 
the S-transform. One way of addressing the problem is to use an asymmetric 
window with a sharper taper in the forward direction and a compensating slower 
taper in the backward direction. Thus the resolution of event termination time is 
sacrificed to improve resolution of events initiation time. Thus at higher 
frequencies where the window is narrowed and time resolution is good in any 
case, a more symmetrical window should be used. For lower frequencies where 
the widow is wider and frequency resolution is less critical, a more asymmetrical 
window may be used to prevent the event from appearing too far ahead on the S-
transform. This has led to the design of hyperbolic window for signal localization 
and detection. 
 
After feature extraction form the HS-transform, the RBFNN is trained using the 
indices found out form the features with corresponding desired output. The 
Recursive Least Square (RLS) algorithm is used to train the RBFNN and the 
RBFNN provides accurate results in testing even under noisy conditions. 
 
 

II. HS-TRANSFORM FOR  PATTERN RECOGNITION 
 
The original S-transform [5] is defined as 
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Where S denotes the S-transform of h(t), which is the actual fault current or 
voltage signal varying with time, frequency is denoted by f, and the quantity τ is a 
parameter which controls the position of gaussian window on the time-axis. A 
small modification of the gaussian window can be given as  
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and the S-transform with this window is given by  
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where gsα  is to be chosen  for providing suitable time and frequency resolution. 
The resolution can be improved by using smaller value of gsα . 
 
For power quality events, time-frequency signatures can be recovered using 
window having frequency dependent asymmetry. This is possible by using the 
hyperbolic as given below. 
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Where hyα is defined as forward taper parameter and hyβ is defined as back ward 
taper parameter. 
 
In the above expression hyhy βα 〈〈0  and ξ  is defined as  
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The translation by ξ  ensures that the peak hyW  occurs at 0=− tτ . 
 
At f = 0.25, hyW  is very asymmetrical, but when f increases, the shape of hyW  
converges towards that of gsW , the symmetrical gaussian window given in 
equation (2). For different values of ‘f’,   Fig.-1 shows the nature of the window 
as the function of time t−τ . As seen from the figure the change in the shape from 
an asymmetrical window to a symmetrical one occurs more rapidly with 
increasing f . The discrete version of the HS-transform of the faulted voltage and 
current signal samples at the relaying point is calculated as 
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and ( )nmH ,  is the frequency shifted discrete Fourier transform [ ]mH ,where  
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The phase of the Cross HS-Transform is given by  
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where S*(n, j) is the complex conjugate of  S(n, j). 
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The computational steps of the HS-transform: 
 
(i) ][mH  of the faulted voltage and current wave form samples are calculated 

and  shifted to give ][ mnH +  
(ii) The localizing Hyperbolic gaussian window ],[ nmG  is evaluated. 
(iii) Multiply ][ mnH + and ],[ nmG and find the inverse Fourier transform of 

the product to give the rows of ],[ jnS  corresponding to the frequency ‘n’. 

The Hyperbolic S-transform is found to be a complex matrix ],
2

[ NNS  

 
III. FEATURE EXTRACTION 

 
Power system events comprises various kinds of electrical disturbance such as 
voltage notch, spike, sags, voltage swells, chirps, transients, etc. Using the time 
frequency localization property of the HS–transform, the above power quality 
problems are analyzed and detected. Here various events like voltage sag, voltage 
swell, notch, spike, oscillatory transients and chirp waveforms are generated using 
MATLAB code. The chosen sampling rate is 6.4 kHz, and the frequency ‘f’ can 
be normalized with respect to a base frequency if required. The HS–transform 
output shows the plot of the amplitude contours of a given magnitude in the time-
frequency coordinate system.  
 
Oscillatory Transients (notch and spike): The power quality disturbance is called 
oscillatory if it lasts for time duration shorter   than sags or swells. These 

Fig.1 varying window why at f=1, f=0.5 and f=0.25. 
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transients can be categorized into several groups like impulsive, notched, or 
oscillatory. Figs.2 and Fig.3 show the time-frequency contours generated from 
HS–transform for power quality transients like spike and notch clearly showing 
patterns suitable for classifying these events. Also the phase contours and absolute 
phase for notch are downward curvature while for spike, the phase contours and 
absolute phase are upward curvature differentiating notch and spike very clearly. 
Similar tests are done on multiple notch and spikes as shown in Fig.2 (b) and 
Fig3.(b). It can be observed that the HS–transform generates contours which are 
suitable for classification by simple visual inspection unlike the wavelet tranform. 
The visual inspection procedure can be dispensed by using a simple rule base or a 
neural network for classification. 
 
Voltage Swell:    When the normal voltage signal increases by 10 to 90 percent, it 
is known as voltage swell. Fig4 (a) shows the time–frequency plot of the HS–
transform contours for a 20% swell in the voltage signal. From the figure, it is 
found that the HS–transform contours show a increased magnitude in frequency 
contours, phase contours and absolute phase clearly localizing and detecting the 
disturbance. The time localization of the disturbance can also be seen from these 
contours.  
 
Voltage Sag: This problem occurs due to a fault, switching of heavy load, or 
starting of large motors. The amplitude of the voltage drops by 10 to 90 percent of 
the   rated value due to the sag condition. Fig.4 (b) shows the time frequency plot 
of the HS–transform contours for a 20% sag in the voltage signal. From the 
figure, it is found that the HS–transform contours show a magnitude reduction in 
frequency contours, phase contours and absolute phase during the disturbance 
similar to a voltage swell clearly localizing and detecting the disturbance.  
 
Transient and Chirp: There may be sudden changes in voltage signal due to 
internal switching or sudden switch off inductive loads or capacitive banks or 
similar phenomena, which persists for a short duration known as transient. 
Transient length may vary over short span. Fig. 5(a) shows the HS-transform 
contours for transient with length of 10 samples and Fig.5 (b) shows for transient 
with 30 samples. The frequency contours, phase contours and absolute phase 
clearly localize the transient. Similarly Chirp occurs when the signal varies with 
rapid change in frequency for a short duration. Fig.5(c) shows the frequency 
contour, phase contour and absolute phase and the respective contours clearly 
distinguishes the chirp from other disturbances.  
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Fig.2 (a) Single notch with HS-transform 

Fig.2 (b) Multiple notch with HS-transform Fig.3 (b) Multiple spike with HS-transform

Fig.3 (a) Single spike with H S-transform 

7Samantaray et al.: Power System Events Classification

Published by The Berkeley Electronic Press, 2006



 
 

 
 

 
 

 
 
 

 
 
   
    

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.4 (a) swell with HS-transform

Fig.5(c) Chirp with HS-transform 

Fig.5 (a) Transient (length-10) with HS-
transform 

Fig.5 (b) Transient (length-30) with HS-transform 
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Fig.6 (a) Voltage swells with wavelet transform  
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Fig.4 (b) Sag with HS-transform 
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Fig.6 (b) Voltage sag with wavelet transform  

voltage sag 

Fig.6 (c) Voltage spike with wavelet transform  

Voltage spike  
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Fig.6 (d) Transient with wavelet transforms  Fig.7 (c) Swell with SNR 20 dB with HS-
transform 

Fig.7 (a) Transient  with SNR 20 dB with 
HS-transform 

Fig.7 (b) Spike with SNR 20dB with HS-
transform 
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Table-1 (Indices for various events) 

 Notch(single) Spike(single) 
Norm -0.036 0.337 

Var(ph) 94.507 39.661 
Norm(ph) -0.534 -0.048 
 Notch 

(multiple) 
Spike 

(multiple) 
Var 91.177 136.479 

Auto corr 0.032 0.003 
Norm -0.039 0.349 

Var(ph) 125.039 41.112 
Norm(ph) -0.538 -0.022 
 Notch Transient 

Var 91.177 120.450 
Norm -0.039 0.283 

Var(ph) 125.039 38.802 
Norm(ph) -0.538 -0.123 
 Spike Transient 

Norm 0.003 0.033 
Norm(ph) -0.022 -0.123 
 Transient Chirp 

Var 105.421 156.638 
Norm 0.294 -0.252 

Std(ph) 0.105 0.248 
Var(ph) 43.036 236.934 

Norm(ph) -0.112 -0.688 
 Transient(10) Transient(30) 

Energy 64.423 68.120 

Var 120.45 105.421 
 Sag Swell 

Var 52.42 91.612 
Norm 1.00 -0.099 

Var(ph) 135.455 60.200 
Auto corr 0.012 0.006 
Norm(ph) -0.389 -0.589 

 
 Table-2  (Indices for various events)  
 Notch Chirp 

Var 91.177 156.638 
Std 0.154 0.202 

Norm -0.039 -0.252 
Std(ph) 0.180 0.248 
Var(ph) 125.039 236.934 

 Spike Chirp 
Var 136.479 156.638 

Auto corr 0.003 0.031 
Norm 0.349 -0.252 

Std(ph) 0.103 0.248 
Var(ph) 41.112 236.934 

Norm(ph) -0.022 -0.688 
 Sag Chirp 

Energy 57.129 76.207 
Var 91.612 156.638 

Norm -0.099 -0.252 
Std(ph) 0.125 0.248 
Var(ph) 60.2 236.934 

 Swell Chirp 
Var 52.42 156.638 

Norm 1.00 -0.252 
Var(ph) 135.455 236.934 

Auto 
corr(ph) 

0.012 0.007 

 Sag Transient 
Norm(ph) 0.640 1.694 

Std 0.225 0.165 
Norm -0.099 0.294 
Var 60.20 43.036 

Norm(ph) -0.589 -0.112 
 
    Table-3(Indices for various events) 
 Swell Transient 
 Sag Notch 

Norm -0.099 -0.039 
Var(ph) 60.200 125.039 

Fig.7 (d) Sag with SNR 20 dB with HS-
transform 
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 Sag Spike 
Norm(ph) 0.640 1.028 

Var 91.612 136.479 
Auto corr 0.028 0.003 

Norm -0.099 0.349 
 Var(ph) 60.200 41.112 

Norm(ph) -0.589 -0.022 
 Swell Notch 

Var 52.421 91.177 
Norm 1.00 -0.039 

Aoto corr 0.012 0.007 
Norm(ph) -0.389 -0.538 

 Swell Spike 
Var 52.421 136.479 

Auto corr 0.039 0.003 
Norm 1.00 0.349 

Std(ph)   
Var(ph) 135.455 41.112 

Auto corr(ph) 0.012 0.008 
Norm(ph) -0.0389 -0.022 

 
 

 
 
 
 
 

 
 
 
Also along with the above spectral analysis, various numerical indices are found 
out for all disturbances discussed here. The numerical indices found out are std 
(standard deviation), var (variance), energy, auto-correlation (auto corr), norm, std 
(ph), var (ph), norm (ph), auto-corr (ph).The  std (standard deviation), var 
(variance), energy, auto-correlation (auto corr), norm are found out form the 
frequency contours and std (ph), var (ph), norm (ph), auto-corr (ph) are obtained 
form the phase contours.Table-1 through Table-3 depicts the results incorporating 
all disturbances. It can be seen that the norm for notch (single) is -0.036 where as 
for spike (single) it is 0.337. Similarly variance (ph) for notch (single) is 94.507 
where as for spike (single) it is 36.661, which clearly distinguishes notch form 
spike. For sag the norm is 1.00 where as for swell it is -0.009.For notch the norm 
is -0.039 and for chirp the value is -0.252.To distinguish sag and transient the 
value of norms are -.0099 and 0.294 respectively which clearly separates the two. 
For swell and spike the norm value are 0.039 and 0.003 respectively. Similarly the 
auto correlation for spike and chirp are 0.003 and 0.031 respectively. Also auto 
correlation for swell and chirp are 0.012 and 0.007 respectively, which clearly 
classify the two events. Other indices can be compared to distinguish all the 
events from each other. Even the computed indices are separating the events, but 
the automatic classification is done using RBFNN to avoid error caused by 
thresholding. 
 
The corresponding signals of voltage sag, voltage swell, spike and transients are 
processed through the wavelet transform and the corresponding results at scale-1 
detailed coefficients from db-4 are shown in Fig.6 (a) through Fig.6(d). It is seen 
that the localization and detection of events are better in HS-transform compared 
to wavelet transform as the HS-transform provides the contours which provides 
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better information compared to wavelet coefficients. For other events similar 
results can be plotted with wavelet transform. 
 
Also the signals for transient, spike, sag and swell with SNR 20 dB are processed 
through HS-transform and exhibits very marginal variation compared to the 
frequency contours obtained for the signals without noise. The results are shown 
in Fig.7 (a) through Fog.7 (d). Thus the HS-transform localizes and detects the 
signal accurately even at high noisy conditions with SNR 20 dB. Similar results 
are obtained for other disturbances also. 
 
 

IV  EVENTS CLASSIFICATION USING RBFNN 
 

Even if HS-transform provides information regarding the pattern recognition, the 
RBFNN classifier is used to classify various events in the proposed method to 
overcome the error due to assigning threshold value to the features for power 
system events classification. The RBFNN [10] used here has an input layer, a 
hidden layer consisting of gaussian node function, a set of weights W, to connect 
the hidden layer and output layer. Let x  be the input vector T

Dxxxx )..........( ,2,1= , 
where D  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 RBFNN  is given by 

∑∑
=

−−

=

==
tot itot m

i i

ctx

ij

m

i
iijj ewtwto

1

)(

1 2
)()(

σ
φ     (11) 

where ic is the center of the ‘i' th  hidden node, iσ  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 

))(....,),........(),(( 21 ttt totφφφϕ =      (12) 
and weight vector 

),..........,.........,( 21 totjjjj wwww =  
RBFNN output can be written as  

T
jj wo ϕ=                        (13) 

 

12 International Journal of Emerging Electric Power SystemsVol. 6 [2006], No. 1, Article 5

http://www.bepress.com/ijeeps/vol6/iss1/art5



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 Center vector is given by   
     

{ })(.,),........(),()0( 21 mcc cxcxcxiC ==    (14) 
 

At each iteration i , following a new input )(ix is presented, the distance for each 
of the centers is denoted by  
 
   )1()()( −−= ijj cixiρ  , where cmj ...,,.........2,1=          (15) 
 
The kth center is updated by the following equation: 
 

)()1()( iiCiC kkk ρα+−=                    (16) 
 

where k that is chosen as the k that minimizes )(ijρ ,as 
)(arg(min( ik jρ=                                       (17) 

and α is the learning rate.  
 
The width associated with the k th center is adjusted as 

                 
2

1

)()(1)( ∑
=

−=
aN

j
jk

a
k iCiC

N
iσ                         (18) 

where aN  is the hidden neurons. 
 
The weights of the RBF classifier can be trained using the linear RLS (Recursive 
Lease 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. 

         
)()1(

)()1()(
iiP

iiPik T

T

ϕλ
ϕ

−+
−

=                                (19)  

              [ ])()1()()()1( iiwidikiww T
jjjj ϕ−−+−=                  (20) 

                 [ ])1()()()1(1)( −−−= iPiikiPiP ϕ
λ

                      (21) 

where λ is real number between 0 and 1, 1)0( −= aP I, and a is a small positive 
number and 0)0( =jw  
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The computational steps involved in implementing of RBFNN for fault 
classification are: 
 
1. For each class c  initial centers are first input sets that is 

initc mm = (initialization) 
2. Train the RBFNN using current set of centers to get cross validation error for 
class { }

CNeeeec .....,,, 21=  
(Clustering of centers) 
3. ettm eemeane arg))(( ≤  that is me has not decreased by 0.15 % over last iteration, 
go to step 5(convergence test 
4. Add ince centers to cN  classes with highest error, to get a new m , then go to 
step 2. 
5. The RBFNN is used with the one with the current m . 
 
The learning rate of the RBFNN is 0.1 and the center and the weights are updated 
in every iteration that is by new training input to the RBFNN. Here std (standard 
deviation), var (variance), energy, auto-correlation (auto corr), norm, std (ph), var 
(ph), norm (ph), auto-corr (ph) are used as inputs to the RBFNN. The std (ph) 
represents the standard deviation of the phase contours generated from HS-
transform and other terms with ‘ph’ represent the indices from phase contours. 
Hence the RBFNN is trained with nine (09) inputs and provides six (06) outputs 
as notch, spike, sag, swell, transient and chirp. The RBFNN is trained with each 
input set and corresponding output as ‘1’ while others as ‘0’.The RBFNN 
architecture for power system events classification is shown in Fig.8.The RBFNN 
is trained with 800 data sets and tested with 200 data sets for each case. 
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std 
var 

norm
energy 
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Fig.8. RBFNN architecture for power system events classification 
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Table-4 (Classification rates from testing of RBFNN) 
 

Events No of cases Nos. of cases 
identified 

Nos.  of case 
misclassified 

Classification 
rates (%) 

Sag 200 193 07 96.5 
Swell 200 196 04 98.0 
Notch 200 195 05 97.5 
Spike 200 193 07 96.5 

Transient 200 189 11 94.5 
chirp 200 187 13 93.5 
Sum 1200 1153 47 96.0 

 
 
The results form the RBFNN is depicted in Table-4. The classification rates are 
based on testing of RBFNN with 200 data sets for each case. The classification 
rates for sag and swell are 96.6% and 98.0% respectively. The classification rates 
for notch, spike, transient and chirp are 97.5%,96.5%,94.5% and 93.5% 
respectively. The overall classification rate is 96% taking all events together 
which identifies 1153 cases correctly form 1200 cases. The results include the 
testing with noisy inputs (up to SNR 20 dB).  
 

V.  CONCLUSION 
 
In this paper, we proposed a new method for power system event classification. 
The HS-transform is used to generate time-frequency contours, phase contours 
and absolute phase which clearly detect and localizes the power system events. As 
HS-transform is very less sensitive to noise, it provides accurate results compared 
to wavelet transform based detection. Here visualizing the time-frequency 
contours, the events are recognized accordingly. Further various indices like std, 
var, energy, autocorr are calculated from the extracted patterns (features). For 
automatic classification, the RBFNN is trained with these inputs (indices) and 
outputs (power system events). The RBFNN provides accurate results in testing 
for various events even with noisy conditions. The RBFNN provides overall 
classification rates of 96% considering all events. Thus the proposed one provides 
a robust and accurate method for power system events classification.  
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