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Abstract

This paper proposes a method using Discrete
Wavelet Transform and Support Vector Machines
(SVM) to detect and classify faults along a
transmission line. Discrete Wavelet Transform
is used to detect the high frequency components
contained in a fault signal spectrum. Different
faults (short circuits) on different positions of
a transmission line are simulated using a link
between MATLAB and ATP/EMTP programs.
The algorithm implemented in MATLAB is
tested in various case studies based on the largest
transmission line of the IEEE 9 bus system.

Index terms— ATP/EMTP, fault detection, Fourier
transform, machine learning, discrete wavelet
transform (DWT), support vector machine (SVM).
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Resumen

Este documento propone un método utilizando
transformada Wavelet discreta (DWT) 'y
Maquinas de Soporte Vectorial (SVM) para
detectar y clasificar fallas a lo largo de una linea
de transmisién. La transformada Wavelet discreta
es utilizada para detectar componentes de alta
frecuencia contenidas en el espectro de una sefial
con falla. Diferentes fallas (cortocircuitos) son
simulados en diferentes posiciones a lo largo de una
linea de transmision, para ello se utiliza un enlace
entre los programas MATLAB y ATP/EMTP. El
algoritmo implementado en MATLAB es probado
en varios casos de estudio a lo largo de la linea de
transmisién mas larga del sistema de 9 barras de
la IEEE.

Palabras clave—ATP/EMTP, deteccion de fallas,
transformada de Fourier aprendizaje automatico,
transformada wavelet discreta (DWT), maquinas
de soporte vectorial (SVM).
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1. INTRODUCTION

Considering the continuous growth of energy
demand at world level, it is necessary to fulfill two
requirements of utmost importance: 1) continuity
and 2) quality of the electric power supply, these
requirements will guarantee the proper functioning of
the electric power system and thus society [1]. The
correct performance of the protection system ensures
compliance with these two requirements. They are
conceived to protect assets in the event of a failure in
the system, and ensure continued supply of electricity.

It is practically impossible to discard the existence
of faults in any of the elements that constitute a
power system. Thus, it is imperative to have a well-
designed protective relay system that has as objective
to minimize the effects of the different faults that can
be present in the system.

On one hand, there is electrical equipment such
as generators and power transformers that are not
exposed to the inclement weather, and are generally
located within power plants, and substations, making
it very unlikely that any faults due to short circuits
affect them [1]. On the other hand, transmission
lines being the element that covers most of the
system’s trajectory and being subjected to any type
of weather condition, are more vulnerable and
therefore considered the most critical part of the
power system. Transmission lines must be protected
as best as possible to keep them in excellent operating
condition. When a fast detection of a fault event is
achieved, it is possible to improve restoration times,
thus ensuring the reliability of the power system.

The Fourier transform is an excellent tool used to
perform the analysis of stationary signals. It presents
certain deficiencies, especially when performing
analysis and detection of sudden changes that may be
contained in those signals considered non-stationary
[2], [3]. At present, there are a variety of sophisticated
tools, which are very useful when performing fault
analysis on transmission lines. One of them is the
Wavelet transform, which analyzes signals that do
not behave in a stationary way like signals after a
fault event in transmission lines. A methodology
that is capable of detecting and identifying a fault is
developed in this work.

2. THEORICAL FRAMEWORK

2.1. Wavelet Transform

The Wavelet transform is a mathematical tool
used for signal analysis. It appears to overcome
deficiencies presented by the Fourier analysis
when treating nonstationary signals [3]. A wavelet
is the name given to a “small wave” whose energy
is concentrated in a given period of time, and it is
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characterized by being a signal of non-stationary
nature with a window function of finite length [4].
It presents a good performance when working with
transient and high frequency phenomena, since once
the width of the window is defined, it analyzes all
frequencies with the same resolution, both in time and
frequency [2], [5].

Considering the discretization of the values for
both, scale and time, the Discrete Wavelet Transform
(1) is used, thus achieving a better computational time
in terms of data processing.
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According to [6-8] regarding to the application of
the Wavelet transform in power systems, specifically
for the study of transients caused by faults, the
Daubechies family is used, concretely, the Daubechies
with 4 vanishing moments “db4”.

2.2. Machine Learning

Machine learning is a branch of Artificial
Intelligence that allows a machine or computer
to learn (or improve its performance) based upon
algorithms that have the ability to generalize
behaviors and recognize patterns from an available
data set. Supervised and unsupervised learning are
two categories based on the way machines learn from
data [6]which will be used in various applications.
Specifically, it explains data mining and the tools used
in discovering knowledge from the collected data.
This book is referred as the knowledge discovery from
data (KDD. In the supervised learning methods, there
are several techniques, one known as Support Vector
Machine (SVM), which possesses a good theoretical
foundation and a good generalization capability. SVM
will be used as a classification tool in this work.

2.3. Support Vector Machines

Due to the great performance in the different
applications including surpassing in some cases the
performance of traditional neural networks, they
have been introduced as powerful tools to solve
classification problems [7].

The idea is based on the classical concept of the
optimal separation hyperplane, where the separation
direction vector is expressed as a function of the
training examples [6]which will be used in various
applications. Specifically, it explains data mining and
the tools used in discovering knowledge from the
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collected data. This book is referred as the knowledge
discovery from data (KDD as shown in Fig. 1.

The hyperplane, H, thus obtained is called the
optimal separation hyperplane, for which the margin
is maximum. The margin is obtained as the distance
between the two hyperplanes, H1 and H2, which
contain at least one point in each class, these points
are known as “support vectors”. Within the SVMs
there are 3 cases to be considered:

1) Linearly separable data.
2) Soft-margin hyperplanes.
3) Non-linearly separable data.

The first case is the least applicable to real
problems, but it turns out to be an illustrative
method, considering that the other two methods are
a generalization of this one. To solve cases 2 and 3,
one can use the so-called Kernel functions, which
are mathematical functions used to project the data
from a characteristic space to a space represented by
a higher dimension [6]which will be used in various
applications. Specifically, it explains data mining and
the tools used in discovering knowledge from the
collected data. This book is referred as the knowledge
discovery from data (KDD, [8]. In other words, they
are functions that convert a non-linear classification
problem in the original dimensional space, into
a simple linear classification problem in a larger
dimensional space (Fig. 2).

Origin

d- /
margin

Figure 1: Optimal Separating Hyperplane

()

Input Space Characteristic Space

Figure 2: Data Transformation using Kernels

3. PROPOSED METHODOLOGY

Within the proposed methodology are used two
computer programs. The first program, ATP/EMTP is
a tool mostly used to performing simulations whose
nature is directly related to electromagnetic and
electromechanical transient’s phenomena in electric
power systems. The second program is MATLAB
that is a mathematical software tool that offers an
integrated development environment with its own
programming language.

A link between the two programs are used in
order to obtain a database. The database consists of
the signals obtained from the different short circuits
simulations along the transmission line. Discrete
Wavelet Transform is used to decompose different
signals to obtain detail coefficients. Finally detail
coefficients are used to detect and classify the different
type of faults (Short Circuits).

3.1. Automatic Fault Simulation

As a test system, the IEEE 9-Bus System is used.
This test system consists of 3 synchronous machines,
9 buses, 6 transmission lines, 3 transformers and
3 constant impedance loads [9]. The test system is
constructed in ATP/EMTP. Fig. 3 shows the single-
line diagram.

As previously mentioned, once the entire test
system has been modeled, the study focuses on the
longest transmission line of the test system, in this
case the L2 transmission line. For this, in [8] a tool
is developed that can drive ATP from MATLAB. This
tool is an efficient alternative to automatically simulate
different fault conditions along the transmission line.
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Fig. 4 shows the transmission line L2. The
transmission line has a length of 180 km, has three
transpositions and has been divided into four sections
of 1/6, 1/3, 1/3 and 1/6 of the total length of the line.
Each section of the line has been subdivided into two
sections and four internal nodes named NF1, NF2,
NF3 and NF4 that are used to connect different fault
schemes. The schemes for simulation of the different
types of faults are shown in Fig. 5.

Figure 3: IEEE 9-Bus System in ATPDraw

Tramao 1 Tramo 2 2

Figure 4: Modeling of the Longest Transmission Line in
ATPDraw for Different Fault Conditions
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Figure 5: Modeling of a) Single Line-to-Ground b) Line-to-
Line ¢) Double Line-to-Ground d) and Three-Phase Fault in

ATPDraw
To carry out the simulation process, within the
program developed in [10] the following should be
considered:

* L: total length of transmission line 180 [km].

e f: System Frequency 60 [Hz].

oy

e Rrfault: Fault resistance value. For single line-
to-ground (SLG) faults, a fault resistance of
20 Q has been selected, in the case of double
line-to-ground (DLG) faults a value of 10 Q,
and for line-to-line (LL) and three-phase (TP)
faults a fault resistance of 0 Q.

e phi: Fault inception angle in degrees. For all
types of fault, a fault inception angle of 90 °
is selected.

e x0: Initial distance at which the fault occurs.
An initial distance of 1 km is selected.

e step x: Length at which the fault travels along
the transmission line. Steps of 1 km are defined
so that the fault moves from one end to the
other.

3.2. Data Preparation

To each of the signals, both current and voltage
measured at Bus 1, the data reduction technique
known as discrete wavelet transform is applied. The
mother wavelet used is the Daubechies 4 “db4”, since
it is a type of Wavelet that fits very well when it comes
to identifying high frequency transients.

The decomposition of the signals of interest
is performed using MATLAB with the help of the
“wavedec” command. It performs a multilevel
Wavelet decomposition in a single dimension (1-D),
for which it uses a specific wave type “wname” or a
specific set of Wavelet decomposition filters [11].

[C, L] = wavedec (X, N, ‘wname’) returns
the Wavelet decomposition of the signal X, for a
decomposition level N, where N is a strictly positive
integer value and a specific wavelet type “wname”

[11].

3.3. Fault Detection Algorithm

The fault detection is on the basis of sudden change
in the current signal by comparing between the pre-
fault current and fault current. If the change in the
current signal is analyzed in the frequency domain, it’s
clearly found that the change is detected in both high
frequency components and the fundamental component
[12]7page”:”2246-2250v0l.37”,”volume”:”3”,
”source”:”IEEE  Xplore”,”event”:’Transmission and
Distribution Conference and Exhibition 2002: Asia
Pacific. IEEE/PES”,”abstract’:”This paper presents a
new method to diagnose faults in a transmission system.
This is based on detecting high frequency components
contained in a fault signal spectrum. The discrete wavelet
transform (DWT. It is noted that the change in the high
frequency components occurs more quickly than that
in the fundamental component, and such a change also
depends on fault characteristics.
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The following steps are essential to be considered
to perform the fault detection algorithm:

1) Calculate the positive sequence current from
the phase currents obtained in the different
simulations.

2) Decompose the positive sequence current
signal using the DWT to obtain the detail
coefficients at the N =1 level.

3) Calculate the “spectral energy” from
the coefficients obtained performing the
decomposition of the signal using DWT.

For fault detection, coefficients obtained using the
Wavelet Transform of the positive sequence current
are squared so that the abrupt change in the spectra
can be clearly found. The condition for judging the
fault current is that there is a change in the coefficients
around five times of those before an occurrence of the
fault as stated in (2):

SE, >5-SE_, 2)

Where SECN is the spectral energy at normal
conditions, and SE1 is the spectral energy of the fault
signal. The spectral energy of a fault signal is bigger
than spectral energy of a signal in normal conditions
[12].To stablish the threshold, it’s necessary to
determine the minimum short circuit current (of all
set of simulated faults) and of that signal obtain their
spectral energy. It is to be expected that even though
the signal is the minimum short circuit current, her
energy is greater than 5 times the pre-fault energy.
For this reason the value of 5 times is selected. This
value is adequate because, it is not so low (say 2
times) as to produce confusions between fault signals
with signals of overloads or external faults. The flow
chart for fault detection is illustrated in Fig. 6.

Positive sequence current is decompose using
Discrete Wavelet Transform to obtain detail
coefficients. The spectral energy exceeds the
established threshold. In this case the algorithm
detect a fault condition. Results are shown in Fig. 7.

Get Currents Ia, Ib, Ic

l

Positive Sequence Current (I1)

l

DWT Level 1 Coefficients Calculation

l

Spectral Energy Calculation

NO
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Figure 6: Flow Chart for Fault Detection
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Figure 7: Technique used in Fault Detection

On the other hand in Fig. 8, phase fault currents
(IA, IB and IC) are decomposed using Discrete
Wavelet Transform to obtain detail coefficients. As in
the previous case this coefficients are squared so that
abrupt change in the spectra can be clearly found. In
this case the technique used to detect faults works
properly, additionally this method could be used as a
classifier, since as it is observed in Fig. 8 the variation
of the spectral energy occurs in the three phase currents
and it could be considered as a three-phase fault.
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Figure 8: Fault Detection using Phase Currents

In Fig. 9 we can observe an abrupt change in the
spectral energy that occurs in two phases. In this case
the algorithm detect a fault between A and C phase
currents.

4 A B .4 ©C
175 500 1 0
0 -«JWWUL 0 me 0 (1 MVW‘
-1 -500 -1
0 0.1 02 0 0.1 02 0 0.1 02
Tiempo [s] Tiempo [s] Tiempo [s]
Det. Coef. Det. Coef. Det. Coef.
1 0.05 1
0 0 I 0 |l
l
-1 -0.05 -1
0 0.1 0.2 0 0.1 0.2 0 0.1 0.2
Tiempo [s] Tiempo [s] Tiempo [s]
, Spectral E. 04 Spectral E. . Spectral E.
05 02 05
0 0 0
0 0.1 0.2 0 0.1 0.2 0 0.1 0.2
Tiempo [s] Tiempo [s] Tiempo [s]

Figure 9: Fault Detection using Phase Currents

3.4. Fault Classification Algorithm

To carry out the tasks of fault classification, it is
necessary to form two models. One model formed by
patterns obtained through the Wavelet decomposition
of current fault signals, and the second model
formed by patterns obtained through the Wavelet
decomposition of voltage and current fault signals.
Both models has associated only one output with
eleven different categories as shown in Table 1.
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Table I: SVM Output

Fault Type SVM Output
Y
Single Line-to-Ground A SLG A
Single Line-to-Ground B SLGB
Single Line-to-Ground C SLG C
Line-to-line AB LLAB
Line-to-line BC LLBC
Line-to-line CA LLCA
Double line-to-ground ABT DLG ABT
Double line-to-ground BCT DLG BCT
Double line-to-ground CAT DLG CAT
Three-Phase Fault TP
No Fault NF

The decomposition of the signals is done to
obtain the detail coefficients for a level 7 using the
Daubechies 4 “db4” Wavelet.

The first input matrix, on now called matrix
QI consists of 1980 rows corresponding to the 180
simulations for the 11 output classes and the 318
columns corresponding to the 106 coefficients for
three phase currents. On the other hand, the second
input matrix, on now called matrix Q2 is formed by
the coefficients obtained from Wavelet decomposition
of current and voltage signals, it has 1980 rows and
636 columns corresponding to the 106 coefficients
for three phase currents and 106 coefficients for three
phase voltages.

The output matrix, now called matrix Y has
the correct responses of the matrix Q1 and matrix
Q2. Once the set of samples has been obtained, it’s
necessary to divide it into three data sets:

* Training: data used for model training.
¢ Validation: select the best of the trained models.

e Test: Indicates how well the model classifies.
In this case it’s necessary use different samples
from those in the main database.

Before starting the training model, the
‘Normalization’ concept is applied in order to obtain

data with the same weights.
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The selection of training and validation sets is
made based on percentages, whose typical values are
60% and 40% respectively. Other typical values used
are 70% and 30%. In this case 60% of the total data is
extracted randomly, thus forming the training set. The
remaining 40% constitutes the validation set.

The ‘“fitcecoc’ command fit multiclass models for
support vector machines or other classifiers.

Mdl = fitcecoc(Qtraining, Ytraining) returns a
full, trained ECOC model using the predictors X and
the class labels Y.

e Qtraining: matrix that contains predictor

variables, specifically contains numeric
values.
* Ytraining: is the matrix that contains

responses.

Once the training set is defined, SVM’s are used
by the ‘fitcecoc’ command in MATLAB.

Mdl = fitcecoc(Q, Y)

Mdl is the variable that contains the classifier
or training model.

4. FINAL RESULTS

The technique used to detect faults along a
transmission line in the selected test system has
been used successfully. It is a good idea to work
only with the detail coefficients obtained from the
decomposition of phase fault currents because we
also use this method as a classifier.

In the other hand, to know the performance of the
classifier, the confusion matrix is obtained as shown
in Fig. 10. All classes except Class 8 are classified
correctly. From a total of 80 signals corresponding
to DLG faults between the BC-T (class 8), 70 of
them are correctly classified as DLG faults between
BC-T phases, while 10 of them are classified as LL
faults between BC phases. It would not represent
a major problem, because in case any of the two
faults (biphasic BC-T or biphasic BC) are present in
the transmission line, the relay associated with the
protection system would receive the order of open the
phases involved and open BC phases independently if
it were an isolated biphasic fault or a biphasic ground
fault between the phases in question. Overall, 98.7%
of the predictions are correct and 1.3% are wrong
classifications.
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Figure 10: Confusion Matrix

5. CONCLUSIONS

This work presents a practical application of
Discrete Wavelet transform for the fault diagnosis in
transmission lines. Coefficients of positive sequence
current signals are calculated and employed in fault
detection decision algorithm.

Automatic simulation tool allows to obtain
different signals automatically and systematically,
considerably reducing the simulation time in the
different cases studied.

Wavelet transform has proven to be very efficient
and effective in analyzing a wide class of signals and
phenomena. In this case, fault signals corresponding
to currents and voltages.

The Wavelet transform with Daubechies 4 ‘Db4’
as a mother Wavelet has been used. It has been
found that the proposed technique give satisfactory
results in detecting and classifying faults along of the
transmission line in the test system used.

The average accuracy of fault classification
using DWT and SVM's from the decision algorithm
proposed in this paper is highly satisfactory.

Support vector machines are sophisticated tools
that can be used to implement new methodologies
in the area of power protection systems to develop
a great variety of algorithms that allow to detect,
classify and locate faults.
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