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Abstract—An appropriate method for fault identification and
classification on extra high voltage transmission line using discrete
wavelet transform is proposed in this paper. The sharp variations of
the generated short circuit transient signals which are recorded at the
sending end of the transmission line are adopted to identify the fault.
The threshold values involve fault classification and these are done
on the basis of the multiresolution analysis. A comparative study of
the performance is also presented for Discrete Fourier Transform
(DFT) based Artificial Neural Network (ANN) and Discrete Wavelet
Transform (DWT). The results prove that the proposed method is an
effective and efficient one in obtaining the accurate result within
short duration of time by using Daubechies 4 and 9. Simulation of the
power system is done using MATLAB.
Keywords—EHV transmission line, Fault identification and
classification, Discrete wavelet transform, Multiresolution analysis,
Artificial neural network.
I. INTRODUCTION

I

N the transmission line short circuit fault occurs due to
several reasons. It might be due to lightning strike, tree
branches falling on transmission line, fog and many more.
This may give raise to the consequence of permanent damage
to the line insulators. So it has become necessary to analyze
the fault on the transmission line in a better approach. The
occurrence of any transmission line fault gives raise to a
transient condition. The transient phase is marked by the
presence of harmonic current.
So far, several techniques are adopted for pattern
recognition of generating the high frequency signals. ANN
[2, 3] is used to identify and classify the faults. But the
drawback of this method is the resolution is not efficient.
Fourier Transform (FT) [4] is used in these schemes to
process the original time domain signal but it may give raise
to inaccurate spectra leading to frequency leaking and has
poor time localized property for high frequency components
of the signal. However, the problem of FT can be resolved by
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using Short Time Fourier Transform (STFT) [5, 6], which
windows the input signal. As a single window is used for all
frequencies, resolution of the STFT cannot vary for different
frequencies.
Many researches had been done using wavelet transform to
analyze the performance of it. The wavelet transform provides
a better detection when the signals changes abruptly [9], so it
is praiseworthy for fault detection since the faulted signals
changes abruptly. Wavelet transform is adopted to
discriminate the faults type from the magnetizing inrush
current [7] in the transformer and then wavelet transform is
used for fault identification and classification [10].
Multiresolution capability is advanced technique of wavelet
transform which makes windows automatically and identifies
and classifies the faults for the different signals [11], but the
threshold values implemented for fault detection is not
mentioned. By considering the above mentioned method,
faults are classified [12] but fault impedance and fault
inception angle are not taken into consideration. The same
wavelet approach is also used to classify faults in the
underground cable system [1]. Moreover the wavelet
transform gives result closely related to IEC (International
Electro technical Commission) standard framework [14] for
harmonic analysis in power system.
The proposed analysis involves the multiresolution method,
where the threshold values are employed to identify and
classify faults. In this approach DFT limitations are overcome
by wavelet transform method which uses short windows for
high frequencies and long windows for low frequencies.
II. PROPOSED METHOD AND ITS IMPLEMENTATION
A. Simulation Study
The simulations were done on a simple transmission line
circuit consisting of a generator at one end and a load at the
other end and the line is extended to 150 km without mutual
coupling. The base value of the voltage in the system is
400kV. The frequency of the system is 50Hz. Simulation of
the simple power system is done using MATLAB. Fig.1 [3]
shows the power system under study, in which FI and FC
denotes Fault Identification and Fault Classification
respectively. The transmission line is represented by lumped

846

scholar.waset.org/1999.5/885

World Academy of Science, Engineering and Technology
International Journal of Electrical, Computer, Energetic, Electronic and Communication Engineering Vol:2, No:5, 2008

parameters (3 Pi sections are used) and its parameters
frequency dependence is taken into consideration without
mutual coupling [17].
400KV
150KM
LOAD
CTC
S

The DWT in terms of \m, n can be represented as
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Where, k = discrete variable, n, m = scaling variables,
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\ = scaled and shifted versions of the wavelet function.
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Fig. 1. Power system under study

This method is not based on the amplitude of the voltage
transient but on the frequency found in the transients. This is
the major advantage of this method. This method was tested
with four different values of internal impedance of the
generator and the load models taken for the test are, in case 1,
source resistance is 0.5ohm and source inductance is 10e-3. In
case 2, source resistance is 0.89 ohm and source inductance is
16.58e-3. In case 3, source resistance is 1 ohm and source
inductance is 30e-3. In case 4, source resistance is 2 ohm and
source inductance is 60e-3 with fault points (distance of the
fault) taken for test were 10, 20, 30, 40, 50, …….120km. The
different values of fault resistance were 5, 10, 20 ohms.
Fig. 2 shows the proposed method’s functional block
diagram. The voltage and current waveforms of the simulated
power system are fed as input to the sampling network.
The signals are sampled at 50 KHz [5] to obtain higher
resolution. The sampled signals are given to the discrete
wavelet transform to identify and classify the faults. Thus
different types of faults are classified. The proposed method is
also applicable to a double-circuit untransposed line.

Wavelet transform uses short windows for high frequencies
and long windows for low frequencies in contrast to STFT
which uses a single analysis windows i.e. window length
cannot be varied. Thus the frequency resolution is constant
and depends on the width of the chosen window. But,
frequency resolution can be varied for desired requirements in
DWT as it has multiresolution capability which can be seen
from the following theories.
C. Multiresolution Wavelet Analysis (MRA)
The MRA is the new and powerful method of signal
analysis well suited to fault generated signals. In MRA, the
original signal is decomposed into ‘scales’ using wavelet
prototype function called “mother wavelet” while frequency
analysis is performed with a low frequency version of the
mother wavelet and temporal analysis is performed with a
high frequency version of the mother wavelet. Let x[n] be the
discrete time signal, n is the samples. This signal is
decomposed into c1[n] and d1[n] at scale 1, where c1[n] is the
smoothed version of the original signal and d1[n] is the
detailed version of the original signal. These are given by
n 1

c1[n] =
POWER
SYSTEM

INPUT
DATA I

SAMPLING
AT 50 KHz

¦

h[k-2n] x [k]

(3)

¦

g[k-2n] x [k]

(4)

k 1
n 1

d1[n] =

k 1
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TRANSFORM
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IDENTIFICATION
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Fig. 2. Function block diagram of DWT method

B. Wavelet Transform
A wavelet is an oscillatory waveform of effectively limited
duration that has an average value of zero, waving above and
below x-axis. In particular, the wavelet transform is of
interest for the analysis of non-stationary signals which does
not change periodically with time. Wavelet are functions that
satisfy the requirements of both time and frequency
localization. In this paper the discrete wavelet transform is
adopted in which the wavelets are orthogonal to each other.
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Here h[n] and g[n] are the associated filter coefficients that
decompose x[n] to c1[n] and d1[n] respectively. The next
higher scale decomposition will be on c1 [n].Thus at scale 2,
c1[n] is decomposed to c2[n] and d2[n] and so on. Thus the
decomposition process can be iterated, with successive
approximate being decomposed in turn, so that the original
signal is broken down into much lower resolution compact,
d1[n] is used for threshold checking to estimate the change
time-instants. The change time-instants can be estimated by
the instants when the wavelet coefficients exceed a given
threshold value. The detailed version only involves the fault
identification and classification, which necessitate a smoothed
version. The smoothed version is got by the following
smoothing operations:
(a) It removes confusing multiple close-spikes and
combines them into single unit impulse.
(b) It removes unwanted glitches, which can otherwise
result in false positives for the abrupt changes.
(c) The segments in the power system fault analysis are
during the pre-fault condition and the following
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events like fault initiation, circuit-breaker opening
and reclosing. These events are predefined and are
the number of segments. So, any bigger number of
segmentation possibly indicates transients, power
swings and the like. Estimation of the number of
segment(s) is also performed and checked to
distinguish the fault from the transients, power
swings, etc.
(d) Based on the modeling of the segments, analysis is
done for estimating the event-critical change instants,
rejecting others.
Thus, MRA provides a more efficient way of representing a
signal at different resolution scales.
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III. FAULT IDENTIFICATION AND CLASSIFICATION ON EHV
LINES USING MRA METHOD
The fault is identified and classified using the faulted
features extracted from the harmonics with the aid of MRA
approach. The important parameter in the wavelet analysis is
the wavelet type. After examination of several kinds of
wavelet, the Daubechies-D4 wavelet [8, 11] is proved to have
little computations burden and it is suitable for both low and
high frequency analysis.
x[n]
1024 samples

9th level
d1[n]

c1[n]
h[n]

g[n]
8th level

512 samples
g[n]

h[n]

16 samples
4th level
g[n]

h[n]
2 samples

st

1 level
g[n]

h[n]

Fig. 3 Filter bank model implementation for MRA

A. Input Analysis
The current waveforms of the simulated power system using
MATLAB packages are used to obtain the harmonic features
of the faulted system. These current signals are to be fed to the
sampling network where waveforms are sampled at 50 KHz
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[5]. Then it necessitates sampling to view the fault features in
elaborate manner.
B. Filter Bank Model
To extract the useful features the filter bank model shown in
Fig. 3 are implemented. The data considered in the analysis is
assumed to be of finite duration and of length 2N, where
N=n+1 is an integer. If N is chosen to be 10, the total duration
of the analysis comes out to 210. Sampling time considered in
the analysis is 20μs, which corresponds to the frequency of 50
KHz and the total number of samples considered is 210=1024.
Therefore, the duration required will be 1024×20μs
=0.2048ms. Various line lengths and various fault distances
are taken into consideration to reveal that sampling frequency
fs and number of samples N are independent.
Thus the sampling will give higher resolution of the faulted
signal as it involves 20 cycles of the 50Hz system. The
discrete wavelet signal, x[n] with 1024 samples is passed
through the high pass (g[n]) and low passes (h[n])
respectively. Further down sampling by 2, the next level (i.e.,
9th level) DWT coefficients are obtained. Then, lower 512
samples are further passed through high pass and low pass
filter respectively. This process continues till the 1stlevel DWT
coefficients are obtained. In this work we tested the developed
program with various mother wavelets through trail and error,
that the D4 wavelet is suitable to discriminate all type of
faults. Whereas other types of wavelets failed to differentiate a
few. These values are suitable only for this power system
under consideration. These values may have to be redefined
for other power system based on trial and error, further a
visual inspection on the detail plots found from MATLAB
will serve as means to approximately determine these values.
In this level 4(D4) and level 9(D9) are given to fault
identification and classification algorithm.
C. PI Section (Lumped Parameter)
Generally in electromagnetic transient simulations, the most
familiar method is to use Pi sections. A simple Pi section
model will give the correct fundamental impedance. The
transmission system is represented by lumped elements
(usually by several cascaded pi sections) evaluated at a single
frequency. A more sophisticated form of this type of model
includes the representation of the ground return impedance
using a suitable combination of several R-L branches. This
representation is widely used in transient network analyzers.
The validity of these models is restricted to relatively short
lines or cables and, in general, their frequency response is
only good in the neighborhood of the frequency at which the
parameters are evaluated [16].
D. Fault Identification and Classification Algorithm
To begin with the fault identification and classification, the
threshold values are to be selected to get the accurate result.
The 4thlevel and 9thlevel are utilized to extract the sufficient
features. This is because the 4thlevel details generally reflect
the dominant transient signals generated by faults and the
9thlevel details contains most of the fundamental harmonic.
The flowchart shown in Fig. 4 describes the procedure
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involved in the fault identification and classification
algorithm. The coefficients of 4th level detail(y) is adopted to
identify the faults and if the three consecutive detail values are
less than the threshold value (W1),then the fault can be claimed.
Once the fault had occurred, determine Xp and y where, Xp is
the maximum absolute value in each phase of 4th level detail
and y = max (xa, xb, xc).Then evaluate in which phase ‘p’
belongs to. The other parameters in the procedure are
explained as follows,
Begin

International Science Index, Electrical and Computer Engineering Vol:2, No:5, 2008 waset.org/Publication/885

Determine Xp and y

Check for which phase y
belongs to

Where, e= Maximum value of ep
The ratio of ep to e is defined as rp. Then md9 (maximum
value of level 9 detail) is determined which is used for
classification with respect to the threshold values.
If md9<23, then it is three phase fault. If md9<W3, then it is a
LG fault and the discrimination among the phases involves
another threshold value,ҏ W4. If md9 >W5 and also if any two
values among ra,rb,rc are greater than W4, then LL fault can be
claimed. Then evaluate r which is defined as the minimum of
ra,rb,rc. If r is equal to any of these values, then LLG fault had
occurred.
W5) are selected
The threshold values (W1, W2, W3, W4 and
ҏ
according to the detail, fault values in normal and fault
operations on the transmission line.
Steps involved in fault identification and classification
algorithm are as follows [1]:
1. Begin with variable intialization. Here variable refers to
the fault current in transmission line.
2. Calculate level 4 details of three phases, D4p.
Where p  (a, b, c), D4p -- level 4 detail, p – Phase, a, b, c
-- a phase, b phase and c phase respectively.
Detail -- high frequency correction,
Level -- detail 4 is adopted because it gives us to analyze
the fault in appropriate method.

Calculate Ep[n],
ep, e

Determine rp, md9

YES
If md9<23

LLL

NO
YES
If md9W

LG
NO
YES

If md9> W

LL
NO

r = min (ra, rb, rc)
YES
If r = rp
NO

LLG

Stop
Fig. 4 Flow chart for the proposed Pi section method

Ep[n’]=maximum of the absolute values with respect to the
three phases, n’={1,2,3}
ep= Ep [1]+E p[2]+E p[3], p  (a, b, c)
e= max (ea, eb, ec)
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(5)
(6)

3. For any one of the three phases, if the three consecutive
absolute values of level 4 details are greater than
threshold to be say W1, then claim a fault. Otherwise move
analysis window and go to step (1).
4. Calculate the max-absolute values of level 4 detail in each
phase:
Xp = max (_D4p (i) _), p  {a, b, c}.
Then obtain the maximum among three: y = max (xa, xb,
xc).
5. Check to which phase x belong to. If y = Xp, let k = ip,
Xp -- x belongs to phase (p  a, b, c), ip - index of Xp , k k th value index used in result analysis.
6. Let Ep (n’) = _ D4p (k+n’-1) _ p--{a, b, c}, n’--1, 2, 3.
7.
Calculate ep= 6 Ep (n’), p (a, b, c), where ep -summation of Ep (1), Ep (2), Ep (3)
8. Calculate e = max (ea, eb, ec)
9. Calculate ratio of each phase: rp = ep/e, pa, b, c
10. Calculate the sum of three phase level 9 details as same
procedure as of detail-4.
D9 = D9a+ D9b+ D9c, md9=max (_D9(i) _)
It is done up to level – 9 detail, to get accurate
information for fault classification in result.
11. If md9 < 23, it’s a three-phase fault.
12. If _ra-rb_ - _rb-rc_ > W2, _ra-rc_ - _rb-rc_ > W2, md9 <W3, it’s A-G
fault.
13. If _rb-rC_ - _ra-rc_ > W2, _rb-ra_ - _ra-rc_ > W2, md9 <W3, it’s BG fault.
14. If _rc-ra_ - _rb-ra_ > W2, _rc-rb_ - _rb-ra_ > W2, md9 <W3, it’s C-G
fault.
15. If ra > W4, rb > W4, and md9 > W, it’s A-B fault.
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If rc > W4, rb > W4, and md9 > W, it’s C-B fault.
If ra > W4, rc > W4, and md9 > W, it’s A-C fault.
Let r = min (ra, rb, rc)
Let r = ra, it is a BC- G fault.
Let r = rb, it is a AC- G fault.
Let r = rc, it is a AB- G fault.
End.

Time (S)

Fig. 6 Voltage waveform for single phase to ground fault (a-g) with
Rf=5: and Rg=10: corresponds to the fault transition times 0.1s,
0.4s.

va, vb, vc (v)

A. Neural Fault Detector
The fault detection task can be formulated as a pattern
classification problem. The fully connected three-layer feed
forward neural network is used to classify faulty/non-faulty
data sets and the back-propagation algorithm is used for
training. The numbers of neurons in the input and hidden
layers were selected empirically through extensive
simulations. Various network configurations are trained and
tested in order to establish an appropriate network with
satisfactory performances, which are the fault tolerance, time
response and generalization capabilities. With supervised
learning, the Artificial Neural Network (ANN) is trained with
various input patterns corresponding to different types of fault
(a–g, b–g, c–g, a–b–g, a–c–g, b–c–g, a–b, a–c, b–c, a–b–c and
a–b–c–g, where a, b, and c are related to the phases and g
refers to the ground) at various locations. In order to build up
an ANN, the inputs and outputs of the neural network have to
be defined for pattern recognition. The input to the network
should provide a true representation of the situation under
consideration. The process of generating input patterns to the
ANN Fault Detector (FD) is depicted in Fig. 5.

Time (S)

Fig. 7 Voltage waveform for double phase to ground fault (a-b-g)
with Rf=40: and Rg=10: corresponds to the fault transition times
0.1s, 0.4s

Fig. 5 Processor for generating input patterns to the ANN fault
detector

B. Discrete Fourier Transform with ANN Results [15]
The method for classifying faults using DFT is analyzed in
the following aspects. To perform frequency analysis, the
signal to be converted from the time-domain signal to
frequency domain and the frequency analysis to be performed
requires infinite number of samples which does not provided
by z-transform. So, DFT is used to perform the frequency
analysis of the sampled signals as it provides number of
samples. In this method FFT (Fast Fourier Transform) is used
to find the three phase signals. The current (I) and voltage (V)
signals are calculated as a string of samples corresponding to a
2 kHz sampling frequency (40 samples per 50 Hz cycle)
using an anti-aliasing filter to remove the unwanted

va, vb, vc (v)

International Science Index, Electrical and Computer Engineering Vol:2, No:5, 2008 waset.org/Publication/885

IV. FAULT IDENTIFICATION AND CLASSIFICATION ON EHV
LINES USING ANN METHOD

frequencies from a sampled waveform. This sampling rate is
compatible with sampling rates presently used in digital
relays. The phase current (Ia, Ib, Ic) and voltage (Va, Vb, Vc)
signals, and the zero sequence current (I0) and voltage (V0)
signals sampled at 2 kHz are used as the inputs to the ANN.
The voltage and current signals are fed to DFT filters for
extraction of the fundamental phasor magnitudes [3]. One full
cycle DFT filter is utilized to obtain the magnitudes of the
signals just after the fault occurrence and only the
fundamental frequency component is used. It should be
mentioned that the input current and voltage samples have to
be normalized in order to reach the ANN input level (±1). The
ANN output is indexed with the value either 1 (the presence
of a fault) or 0 (the non-faulty situation) and from that
classifies the fault.

va, vb, vc (v)

16.
17.
18.
19.
20.
21.
22.

Time (S)

Fig. 8 Voltage waveform for line to line fault (a-b) with Rf=0.001:
and Rg=10 : corresponds to the fault transition times 0.1s, 0.4s
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va, vb, vc (v)

voltages (Va, Vb, Vc) in Y axis. In this waveform, a fault
occurs in phase ‘a’, so ‘a’ phase voltage alone is reduced from
its normal value while other two phases ‘b’ and ‘c’ are
increased with their voltage, where Rf = fault resistance, Rg
=ground resistance . Similarly Fig. 7 illustrate the voltage
waveform of a-b-g fault, in this a and b phase voltages gets
reduced and c phase is increased.

Time (S)

va, vb, vc (v)

V. RESULTS AND DISCUSSIONS

Fig. 10 Voltage waveform for three phase to ground fault (a-b-c-g)
with Rf=0.001: and Rg=10: corresponds to the fault transition times
0.1s, 0.4s.

The performance characteristics of the ANN fault detector
are [5, 15]:
(a) The minimal response time tr of fault detection is the
difference between the desired fault detection time value td
and the actual fault detection time value ta:
tr = ta - td
(7)
(b) Generalization capabilities are: A good ANN fault detector
is obtained when the response time is minimal, the ANN
output values are stable in both the normal (e.g., 0) and fault
(e.g., 1) conditions, and capable of providing fast and accurate
fault detection in a various fault situations.
(c) The only means of verifying the performance of a trained
neural network is to perform extensive testing. After training,
the neural fault detector is then extensively tested using
independent data sets consisting of different fault scenarios
that were never used previously in training. As mentioned
before, the fault detector performances are evaluated in terms
of the tr of the fault and the best performances are obtained
when tr is minimal. The neural fault detector was tested with
90 new fault conditions for each type of fault [3]. After the
training, the neural fault detector was tested with 5 new fault
conditions and different power system data with learning rate
K = 0.05 sampling time Ts = 0.0005Sec. Fig. 6 to Fig. 10
shows the phase and zero sequence voltage waveforms.
Fig. 6 illustrate the voltage waveform of a-g fault with the
transition times 0.1Sec, 0.4Sec with time in X axis and three
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A. Wavelet Results
The simulations were done on a simple transmission line
circuit consisting of a generator at one end and a load at the
other end and the line is extended to 150 km. The base value
of the voltage in the system is 400kV. When the proposed
method is used, the desired data window length must be
adopted. Two important aspects must be considered: the
window contains enough information to obtain the required
wavelet levels and it is short enough to produce the expected
speed. Hence, fault identification and classification is done
with the aid of some ratios rp, where p stands for phase a, b
and c and md9 is the maximum value of 9th level detail. Fig.
11 to Fig. 14 are results of Pi section and ‘W’ is the threshold
value. For any type of fault, the ratio rp and md9 should have a
particular value.
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Fig. 9 Voltage waveform for three phase fault (a-b-c) with Rf=10:
and Rg=10: corresponds to the fault transition times 0.1s, 0.4s.

Fig. 8 illustrate the voltage waveform of a-b fault, here the a
and b phase voltage is reduced and there is a slight variation in
c phase. Then in Fig. 9 all the three phase voltages are
dropped from their original value. Similarly in Fig. 10, the
voltages of the all phases are further dropped compared to Fig.
9. The results reveal that the neural network is able to
generalize the situation from the provided patterns [15]. It
indicates the presence or the absence of a fault and can be
used for on-line fault detection. It can be seen that the
maximum tr is 1 ms. A number of 99.54% of fault cases are
detected within a time of 0.5 ms and a number of 0.45% of the
tested cases are detected within a time of 1 ms. All faults are
detected within a time of less than 1 ms, which indicates its
usage for on-line fault detection [15].
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Fig. 11(a) Wavelet analysis for a-b-c fault

851

scholar.waset.org/1999.5/885

DETAIL D4

0.5

Current (kA)

Wavelet detail coefficient

0
0

-0.5

0

50

100

150

200

250

300

350

400

iabc

15

-1

0

50

100

150

200
250
DETAIL D4b

300

350

400

0

50

100

150

200
250
DETAIL D4c

300

350

400

0

50

100

150

300

350

400

1
0
-1
0.05
0

10

-0.05
5
0

0

1000

2000

3000

4000

5000

6000

7000

Sample points

Fig. 11(b) Wavelet transient form of a-b-c fault
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Fig. 12(a) Wavelet analysis for a-b-g fault

Fig. 13(b) Wavelet transient form of a-b fault
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RESULTS OF LLL FAULT FOR THE PROPOSED METHOD
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points and y axis represents the wavelet coefficient of 4th level
detail.
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TABLE II
RESULTS OF LLG FAULT FOR THE PROPOSED METHOD
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Fig. 14(b) Wavelet transient form of a-g fault

LLG
FAULT

a-b

b-c

c-a

Based on 50 KHz sampling rate, fault classification is
performed using the features extracted from level 4 detail
wavelet analysis as level 4 detail (D4) is the best when
compared to other details, so D4 is taken to fix the threshold
values by finding minimum and maximum wavelet coefficient
values of D4 detail. From the analysis the threshold values of
W1, W2, W3, W4 ҏand W5 are fixed, Fig. 11 (a) shows the signal feature
extracted from the a-b-c fault with separately indicating the
detailed current waveform of phase a,b,c as the details D4a,
D4b, D4c respectively. The waveform iabc is the original
current waveform of the fault signal of phases a, b and c.
Then in Fig. 11(b), Detail D4 is the combined faulted
wavelet transient waveform of phases a, b and c and iabc is
the wavelet transient waveform of combined original fault
signal with phases a, b and c. similarly Fig. 12 illustrate the
waveforms of a-b-g fault, Fig. 13 shows the a-b fault
waveforms and Fig. 14 illustrate the waveforms of a-g fault.
The threshold values are very much important to find the type
of fault, as these threshold values decide what type of fault has
occurred in the transmission line.

k

307

364

317

y

0.0657

0.9251

0.4365

B. Comparative Table of Discrete Wavelet Transforms
The fault classification algorithm of underground cable [1]
also involves the threshold values, but the discrimination
among different phases is not efficient. To overcome this, five
threshold values are selected accordingly. From the current
waveform 9 level details are obtained using wavelet
transform. Here all types of faults are considered, fault
classification is performed using the features extracted from
level 4 detail wavelet analysis as level 4 detail is the best
when compared to other details, so D4 is taken to fix the
threshold values by finding minimum and maximum wavelet
coefficient values of D4 detail.
From the analysis W1, W2, W3, W4 ҏand W5 values are fixed. Here
the threshold values are W1 = 0.45, W2 = 0.7, W3 =50, W4 =0.3, W5 =
90.
The waveforms that are obtained as the result are shown in
Fig. 11 to Fig. 14, in which the x-axis represents sample
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md9
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TABLE III
RESULTS OF LL FAULT FOR THE PROPOSED METHOD
Pi Section

LL
FAULT

a-b

b-c

c-a

k

338
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y

0.0381

0.7353
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0.34046

rp

TABLE IV
RESULTS OF LG FAULT FOR THE PROPOSED METHOD
Pi Section
LG
FAULT
k

340

307

384

y

0.0394

0.1143

0.2073

md9

41.387

39.653

24.515

ra
rb
rc

1
0.005805
0.0088531

0.036166
1
0.036109

0.02521
0.025209
1

a-b

b-c

c-a

rp

From the Table I, the valuable information to classify the
fault is obtained. According to the flow chart shown in Fig. 4,
the value of md9<23, then it is a LLL fault. From the Table I
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the md9 value for a-b-c fault is 22.42 which is less than W3
=23, so it is claimed to be a-b-c fault. Fig. 11 shows the details
of LLL fault (a-b-c result). Fig. 11(a) shows the fault in each
phase separately. The result can be obtained in transient form
by adding up all the individual phase faults as shown in Fig.
11(b), with the values given in Table I, from the above details
it is found to be LLL (a-b-c) fault.
To claim the fault as LL fault, the md9 value for a-b fault is
151.55 which are shown in Table III. From the flowchart in
Fig. 4, if the value of md9 > W5 =90, then it is placed as LL
fault, as 151.55 is greater than 90 where, y is the actual
maximum value of coefficient details, k is index of y, rp is the
ratio with respect to phases. Similarly Fig. 13 shows the
details of LL fault (a-b fault) Fig. 13(a) represents the fault in
each phase separately. It is found that in a-b-g fault, there is a
fault in c-phase too. This is because of fluctuation due to fault
in a and b phase. Fig. 13(b) shows the adding up of a, b and c
phase faults and representing it in transient form. With the
values given in Table III it is found to be LL (a-b) fault.
Similarly Fig. 12 shows LLG fault, if any one of the ra,rb,rc
value is equal to r value then it is LLG fault, details are shown
in Table II and Fig. 14, shows LG fault, all the md9 values are
less than W3=50 value, details are shown in Table IV.
Generally in electromagnetic transient simulations most
familiar method is to use Pi sections. A simple Pi section
model will give the correct fundamental impedance. Pi section
is suitable for very short lines where the traveling wave
models cannot be used. The validity of Pi section model is
restricted to relatively short lines or cables and, in general,
their frequency response is only good in the neighborhood of
the frequency at which the parameters are evaluated. The
proposed approach validity is proved to be effective and
accurate in Pi section models.
VI. COMPARISON OF RESULTS OBTAINED
From the analysis of the graph of DFT based ANN, it can
be understand that, due to fluctuation, some of the phase
undergoes disturbance without occurring fault. This small
disturbance may change the value in minute order. Even this
minute change may give classification from one form to
another. For example, based on the value, it may be LL fault
but due to fluctuation there may be minute change in the value
and DWT will give the accurate result as LLG fault and not as
LL fault. This accuracy is attained by using this proposed
approach based on the values. Compare to DFT based ANN,
DWT is the best method for classification of fault because,
(a) Finding sampling data is easier due to MRA method.
(b) DFT based ANN are trained with various set of input
pattern and for each set there is a separate set of
waveforms where as in DWT analysis only one training
pattern is enough for all data.
(c) DWT takes less time duration for simulation and also for
execution (DFT based ANN 0.0005 Sec, DWT 2e-005
Sec).
(d) In case of DFT based ANN if there is a fault in the
particular line, then that particular line alone be
considered for fault classification, while in DWT analysis
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all the three phases will be considered for fault
classification, hence DWT analysis is the very effective
one to detect the accurate fault type.
(e) It is not possible to correctly distinguish between LL and
LLG faults using DFT based ANN as the ratios overlap
for most of the cases, but it is very much possible in
DWT, hence DWT has better accuracy in fault detection.
VII. CONCLUSION
In this paper, the MRA wavelet transform is implemented
and proved to be accurate and efficient when compared to the
approach implemented earlier [5,15] for the classification of
faults. The results are obtained in very short duration of time.
The discrimination in the fault classification of the proposed
method is accurate as it includes the threshold values and the
variations in the other phases. Here level 4 and level 9 details
are utilized to extract some useful features. Level 4 dominant
transient signals are generated by faults and level 9 details
contain most of the fundamental harmonics. The localization of
time in the wavelet transform is the most advantageous one in
contrast to other transforms. Compared to DFT based ANN,
DWT is the efficient method for classification of fault because
DWT gives better accuracy in fault detection where time and
frequency are considered, thus easy to identify the fault and
finding sampling data is also easier. Less time duration for
simulation and also for execution (DFT based ANN 0.0005
Sec, DWT 2e-005 Sec) is achieved in the proposed method. It
is not possible to correctly distinguish between LL and LLG
faults using DFT based ANN as the ratios overlap for most of
the cases, but it is very much possible in DWT. These indicate
the potentials of wavelet in detecting the fault transient signals
in the power system, discriminating from other signals and
classifying the faults on the EHV transmission line. The
proposed method is also applicable to a double-circuit
untransposed line as a future work.
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