
Fault Classification and Ground detection using Support 
Vector Machine

Samantaray, S.R.   Dash, P.K.   Panda, G.    
Nat. Inst. of Technol., Rourkela;

This paper appears in: TENCON 2006. 2006 IEEE Region 10 
Conference 
 

Publication Date: 14-17 Nov. 2006 
On page(s): 1-3 
ISBN: 1-4244-0548-3 
 

Digital Object Identifier: 10.1109/TENCON.2006.344216 
 

 

http://ieeexplore.ieee.org/search/searchresult.jsp?disp=cit&queryText=%28samantaray%20%20s.%20r.%3CIN%3Eau%29&valnm=Samantaray%2C+S.R.&reqloc%20=others&history=yes
http://ieeexplore.ieee.org/search/searchresult.jsp?disp=cit&queryText=%28%20dash%20%20p.%20k.%3CIN%3Eau%29&valnm=+Dash%2C+P.K.&reqloc%20=others&history=yes
http://ieeexplore.ieee.org/search/searchresult.jsp?disp=cit&queryText=%28%20panda%20%20g.%3CIN%3Eau%29&valnm=+Panda%2C+G.&reqloc%20=others&history=yes
http://ieeexplore.ieee.org/xpl/RecentCon.jsp?punumber=4142120
http://ieeexplore.ieee.org/xpl/RecentCon.jsp?punumber=4142120


Fault Classification and Ground detection using

Support Vector Machine
S.R.Samantaray, P.K.Dash*, G.Panda

National institute of Technology, Rourkela, India
*College of Engineering, Bhubaneswar, India

Abstract- This paper presents a new approach for the fault
classification and ground detection in transmission line in large
power system networks using Support Vector Machine (SVM).
The proposed method uses post fault current and voltage
samples for 1/4th cycle (5 samples) from the inception of the
fault as inputs to the SVM. SVM-1 is trained with current and
voltage samples to provide faulty phase involved and SVM-2 is
trained with peak of the ground current to provide the
involvement of the ground in the fault process. The SVMs are
trained with Gaussian kernel with different parameter values
to get the most optimized classifier. The proposed method
converges very fast and thus provides fast and accurate
protection scheme for distance relaying.

I. INTRODUCTION

Faults on transmission lines need to be detected, classified,
and located accurately and cleared as fast as possible. A
faulted transmission line exhibits both high-frequency
oscillations, localized impulses superimposed on the power
frequency component and its harmonics. Therefore, for
detection and classification, it is pertinent to use waveform
analysis techniques like Discrete Fourier Transform (DFT)
and Short-Time Fourier Transform (STFT). Both these
techniques do not perform appropriately as they cannot
handle the nonstationary characteristic of fault generated
waveforms. On the other hand, 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.
The speed and accuracy of digital relays of transmission

lines can be improved by accurate and fast fault phase
selection, and this also allows single pole tripping and
autoreclosure to be employed. The selector module in the
protective relay of a transmission line is very important as it
is very much responsible for fault identification. So accurate
fault detection is the primary requirement for protective
relaying to start and trip correctly. In this regard, some new
techniques have been adopted. Approaches using travelling
wave theory have been proposed to perform faulty phase
selection. A method based on initial current travelling waves
is presented in [1]. However, these approaches lead to
increased hardware requirement. Travelling waves, being
high frequency signals, are difficult to separate from
interference noise. Also recent techniques using artificial
neural networks (ANN) and fuzzy logic have been
employed in faulty phase selection [2-3].
However, much computational effort is spent in the pre-

processing and training stage. Furthermore, these techniques
need more research and exhaustive investigation in order to
yield better results. As an outstanding feature extractor from
raw signals, wavelet transformation (WT) has also been

applied to fault identification [4-7]. To obtain more
satisfactory results, however, wavelet filters having longer
length and more levels of wavelet decomposition must be
employed. Consequently more processing time is required: a
fatal drawback for protection relays.

This paper presents a new approach for faulty phase
selection and ground detection using support vector machine
(SVM). SVM [7-1 1], basically, is a classifier based on
optimization technique. It optimizes the classification
boundary between two classes very close to each other and
thereby classifies the data sets even very close to each other.
The post fault current and voltage signals after fault

inception for all phases are retrieved at the relaying end at a
sampling frequency of 1.0 kHz (20 samples per cycle). 1/4th
cycle data of voltage and current signal (5 samples each)
after the fault inception is used as input to the SVM-1 for
faulty phase selection. The SVM-2 is trained with the
ground of current signal (Ia + Ib + IC), where Ia' Ib and

IC are currents of the respective phases.
II. SYSTEM STUDIED

The network having two areas connected by the
transmission line of 400 KV. The transmission line has zero
sequence parameter Z(0)=96.45+j335.26 ohm and positive
sequence impedance Z (1)=9.78+jl 10.23 ohm. ES = 400kV
and ER = 400/6 kV. The relaying point is shown in Fig. 1,
where data is retrieved for different fault conditions. The
sampling rate chosen is 1.0 kHz at 50 Hz frequency. There
are 20 samples per cycle. The model network shown in
Fig. 1 has been simulated using PSCAD (EMTDC) package.
The fault voltage and current signals are retrieved at the
relaying end and fed to the SVMs for faulty phase selection
and ground detection.
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Fig. 1. Transmission Line Model

III. SUPPORT VECTOR MACHINE FOR CLASSIFICATION

The Support Vector Machine classifier is used for fault
classification and ground detection in the proposed SVM
based on statistical learning theory is now being used for
several binary and multi-class classifications. In this section
we provide SVM [8] classification algorithm.
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Let training example set {(x1 Y1 ) .....(x, , y1 )} where

x E RN y E {1,-1} .Kernel mapping can map the
training set into a feature space where mapped training set
linearly separable. For pattern classification, SVM becom
Wolfe dual optimization problem:

Maximize: W(a) = Z,ai -E aiy K(x
,
y) (1

i=la i li

Subject to: E°Y =0°
i=l

0<ai <C, i=1 ./

where C is the penalty parameter. Larger the value of C
corresponding to assigning higher penalty to errors.

The decision function becomes

f(x)=sign z,a7yiK(xi,xj)+b (2

In this problem we have used Gaussian Radial Basis
Function (RBF) kernel of the following form

K(xi xJ)=exp K-Z' ,i)2

where a is the kernel width parameter.

IV. COMPUTATIONAL RESULTS

A. Fault classification
The 1/4th cycle fault current and voltage signal samp

after the fault are taken as input to the SVM. T
corresponding output is either fault or no-fault conditiP
Ten samples (5 samples for voltage and 5 for current)
fault current form the fault inception are retrieved at t
relaying end are normalized and are used as input (1 0-poii
space which is termed as 'x'. 'y' is the corresponding outj
which results '1' for fault and '-1' for no-fault conditiP
The optimal marginal classifier is designed with Gaussi
kernel with different parameter value. The SVM-1 is train
with 300 data sets and tested with 200 data sets, each
comprising of 10 data points for 'x' as input and (1,-i) I
'y' as corresponding output.

Faults on the line are simulated with various operati
conditions including different incident angles '6', fa-
resistance Rf (10-200ohm), source capacities and at varic
locations for all 11 types of shunt faults. Here '¢' stands I
width of the gaussian function. The penalty factor or bou
on lagrangian multipliers 'C' is selected 5.0 after testing t
SVM for other values of 'C' and it provides better resul

The Conditioning parameter for QP method lambda
chosen as 1.0*e-5.

Table- I shows the results for fault classification
various operating conditions. As seen from the table, for
fault at 10%,6=30° Rf =10 ohm, the SVM-1 outputs for 'a'
'1' but output for 'b' and 'c' phase is '-1' , which shows tl
the a-phase in involved with fault. Similarly for 'a-b' fault
70%, 6-45' Rf =150 ohm, the output for 'a' and 'b' phases -

'1' but the output is '-1' for 'c' phase. Thus the S1V

produces '1' for faulty phase involved and '-1' for phase not
involved with fault. Computational results for other fault
conditions are depicted in Table-I.The misclassifications are

shown in gray colours.s1

es
B. Ground detection
The ground detection is done separately by training and

testing SVM-2. The peak value of the ground current

(Ia +Ib +I,) is used as the input-'x' to the SVM-2 and
the corresponding output(y) is '1' for the fault involving
ground and '-1' for fault without involving ground. As the
ground current is pronounced in case of fault involving
ground compared to fault without involving ground, the
SVM-2 is trained to design a optimized classifier for ground
detection.
The width of the gaussian function is '. The lagrangian

parameter is selected after testing the SVM with other
values, but C=10.0 provide the best result compared to other
values. Thus the bound on the lagrangian multipliers 'C' is
selected 10.0 and the Conditioning parameter for QP
method lambda is chosen as 1.0*e-5.The SVM is trained
with 300 data sets and tested for 200 data sets.

It is found form the Table-3 that for 'b-g' fault at
10%,6=30' Rf =10 ohm, the output is '1' which shows that the
fault involves ground. But for 'b-c' fault at 50%, 6=600 Rf=100
ohm, the output is '-1' which clearly shows that fault
without involving ground. Computational results for other
faulty conditions are given in Table-2.
The classification rate is 98.87% for LL-G fault with

Gaussian kernel with ¢=1.0 and the minimum is 97.86% for
LLL-G fault with ¢=1O.The maximum classification rate
for ground detection for 200 test cases is found to be 99.2%

)les LL-G for fault with ¢=1.0 and minimum 97.97% for LL
Fhe fault with ¢=1.5. Table-2 and Table-4 depict the
on classification rates and numbers of support vector on the
of hyperplane for fault classification and ground detection
the respectively.
nts) It is found that SVM-1 and SVM-2 combined together
put provide very accurate results for phase selection and ground
on. detection respectively. The SVMs provide results with error
ian less than 3%. As the speed and accuracy are the two
led important requirements for digital protection of power
set systems, the proposed method is found to be suitable for
for protection of large power transmission line.

TABLE-1
ing TESTING OF SVM FOR FAULT CLASSIFICATION
lult
)us

for
nd
the
[ts.
is

for
a-g

' is

hat
t at
are
~M

Fault Parameter a b c
value

a-g fault at 10%,6-300 Rf =10 ¢=1.0 1 -1 -1
ohm ¢ =1.5 1 -1 -1
b-g fault at 30%,6=450 Rf =50 ¢=1.0 -1 1 -1
ohm ¢ =1.5 -1 1 -1
'bc' fault at 50%,6=600 Rf ¢ 1.0 -1 1 1
=100 ohm =1.5 -1 1 1
lab' fault at 70%, 6=450 Rf ¢ 1.0 1 1 -1
=150 ohm =1.5 1 1 -1
'abc-g' fault at 90%, 6=450 ¢=1.0 -I 1 1
Rf =150 ohm with source ¢ =1.5 1 1 1
changed
'ca-g' fault at 45%, 6=600 Rf ¢=1.0 1 -1 1
=100 ohm =1.5 1 -1 1
'c-g' fault at 85%,6=600, Rf ¢= 1.0 -1 -1 1
=150 ohm =1.5 -1 -1 1
'ab' fault at 95%,6=450, Rf ¢ 1.0 1 1 -1
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=200ohm 1 =1.5 1 1 -1
'abc-g' fault at 75%, 6=30°, ¢=1.0 1 1 1
Rf =200 ohm with source ¢ =1.5 1 1 -1
changed

TABLE-2
CLASSIFICATION RATES OF SVM-1 FOR FAULT CLASSIFICATION WITH

200 DATA SETS
Fault Parameter Classification No. of

value Rates (0p) suport
vectors

L-G ¢= 1.0 98.23 15
T =1.5 97.89 12

LL-G ¢= 1.0 98.87 09
¢ =1.5 97.84 08

LL ¢=1.0 97.99 08
¢ =1.5 97.87 06

LLL ¢=1.0 98.68 10
¢ =1.5 97.87 09

LLL-G ¢= 1.0 97.86 08
¢ =1.5 98.15 06

TABLE-3
TESTING OF SVM-2 FOR GROUND DETECTION

Fault Parameter Classification
value

'b-g' fault at 10%,6=300 Rf =10 ¢=1.0
ohm ¢ =1.5 1

'ab-g' fault at 30%, 6=45 Rf=50 ¢=1.0 1
ohm ¢ =1.5 1

¢=1.0 -1
'bc' fault at 50%, 6=60' Rf =100 ¢ =1.5 -1
ohm
'abc' fault at 70%, 6=450 Rf=150 G=1.0 -1
ohm ¢ =1.5 -1
'ca-g' fault at 45%,6=600 Rf=100 ¢=1.0 1
ohm ¢i 1.5 1
'c-g' fault at 85%, 6=600, Rf ¢=1.0 1
=150 ohm =1.5 1

TABLE-4
CLASSIFICATION RATES OF SVM-2 FOR GROUND DETECTION WITH

200 DTATA SETS
Fault Parameter Classification Nos.of

value Rates (0p) suport
vectors

L-G ¢=1.0 98.98 12
=1.5 99.14 09

LL-G ¢=1.0 99.32 10
=1.5 98.39 06

LL ¢=1.0 98.69 09
=1.5 97.89 05

LLL ¢= 1.0 98.02 12
=1.5 98.07 09

LLL-G ¢= 1.0 99.05 09
=1.5 99.06 04

very less numbers of training samples compared to the
neural network and neuro-fuzzy systems. Hence the
proposed method is very fast, accurate and robust for the
protection of transmission line.
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V. CONCLUSIONS

A new approach for the protection of transmission line
using support vector machine is presented in this paper. 1/4th
cycle post fault current and voltage samples are used as
input to the SVMs and the output is the corresponding phase
selection for faulty phase involved with or without ground.
SVM-1 is used for fault classification and SVM-2 is used
for ground detection respectively. The peak of the ground
current is fed to SVM-2 for ground detection. It is found that
SVMs are trained to result most optimized classifier with
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