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a  b  s  t  r  a  c  t

Several  methods  for the location  and  classification  of  faults  in  power  transmission  lines  using  compu-
tational  intelligence  and  digital  signal  processing  techniques  have  been  described  in  literature.  Artificial
neural  networks  (ANNs)  and  wavelet  transform  (WT)  have  drawn  significant  attention  lately,  but  they
present  some  drawbacks  when  dealing  with  power  systems  faults  where  data  are  often  contaminated
by  noise.  This  paper  proposes  an  approach  by  combining  independent  component  analysis  (ICA)  with
travelling  wave  (TW)  theory  and  support  vector  machine  (SVM).  The  approach  is  adequate  to locate  and
recognize  faults  in high-voltage  (HV)  transmission  lines,  while  the  acquired  signals  are  noisy.  Experi-
ault location
ault classification
upport vector machine
ultidimensional scaling

ments  performed  for distinct  types  and  locations  of faults  in  a real  transmission  line  model  have  shown
that  the  proposed  combined  methods  are  able  to provide  excellent  performance  in  fault  location.  The
obtained  errors  are  lower  than  1% and  accuracy  is 100%  for  the  classification  of fault  signals  with  noise.  It
can be  stated  that  this  method  presents  better  performance  than  those  regarding  the  main  conventional
techniques  such  as  wavelets  and neural  networks  in  the  presence  of  noise.

© 2017  Elsevier  B.V.  All  rights  reserved.
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. Introduction
overload, and aging. Fast detection, isolation, location and restora-
tion of systems under fault are critical issues while maintaining
reliable operation.
The rapid expansion of electric power systems over the last
ecades has also led to the increased need for additional trans-
ission lines. Such lines are exposed to distinct faults as a result of

ightning, eventual short circuits, faulty equipment, human errors,

∗ Corresponding author.
E-mail address: aryfrance@ufpi.edu.br (A.R. Almeida).

ttp://dx.doi.org/10.1016/j.epsr.2017.03.030
378-7796/© 2017 Elsevier B.V. All rights reserved.
When a fault occurs in a given transmission line, the voltage
across the point of incidence is suddenly reduced to a low level. As a
consequence, a high-frequency electromagnetic impulse called TW
is generated [1]. The location and classification of faults with ade-

quate accuracy must be performed as fast as possible to decrease
the occurrence time interval and protect the system against harm-
ful and undesirable resulting effects. Significant effort has been
dedicated to the development of methods based on the direct use

dx.doi.org/10.1016/j.epsr.2017.03.030
http://www.sciencedirect.com/science/journal/03787796
http://www.elsevier.com/locate/epsr
http://crossmark.crossref.org/dialog/?doi=10.1016/j.epsr.2017.03.030&domain=pdf
mailto:aryfrance@ufpi.edu.br
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f the TW theory or signals involved with TWs. Interesting meth-
ds for the location and classification of faults in transmission
ines based on the TW theory have been proposed so far [2–5]. For
nstance, methods using wavelet transforms (WT) combined with
VM have been adopted to decompose the current and voltage sig-
als associated to the fault in various input levels to classify the

aults properly [6]. The errors when estimating the fault location
n this case vary from 1% to 6%. Other methods based on wavelet
acket transform (WPT) combined with ANN to extract fault char-
cteristics using the energy and entropy criterion have also been
pplied [7]. Such strategy typically presents errors lower than 1%.
n order to obtain improved results, wavelet entropy has been
dopted to reduce the vector size regarding the detail coefficient
s a preparation stage for the fault classification [8]. Generalized
eural network (GNN), WT  and support vector regression (SVR)
ave also been considered in this case providing errors lower than
% [9,10]. It is worth to mention that errors rated at about 1% are
cceptable since the practical effects are measured when dealing
ith distances measured in kilometers.

Although many works on the location and classification of faults
n transmission lines based on WT  were introduced in the last
ecade [11], only a few ones effectively present the detailed anal-
sis of noise contaminated data. It is known that the parameters
f the WT  are very sensitive to noise [12], which is generated due
o many transmission line related phenomena i.e. electromagnetic
elds, leakage currents in isolators, and environmental conditions.

In order to overcome noise issues, ICA can be used. It is well
nown that this is a powerful computational method for separat-
ng a multivariate signal in to additive subcomponents so that a
iven desired signal can be extracted. ICA is a particular case of
lind source separation and differs from other methods since the
ubcomponents of an original signal are separated in statistically-
ndependent signals in the form of a Gaussian distribution. This
echnique has been widely applied to separate Gaussian signals
rom nonGaussian ones in many fields e.g. biomedical signal pro-
essing, radar and mobile communication, and feature extraction
image, audio, video representation, among others) [13].

The main contributions of the paper can be stated as follows:

. Introduction of an approach that combines ICA, TW theory, and
SVM to locate and recognize faults in HV transmission lines when
the existing signals are significantly noisy.

. Presentation of original concepts regarding the application of
ICA and SVM for the separation of noise and data in fault signals.
On the other hand, ICA is combined with SVM as a classifica-
tion stage, while ICA associated with TW theory is applied to the
fault location. Considering the aforementioned approaches, very
noisy data can be properly treated.

. Application of Multidimensional scaling (MDS) theory to the
graphical representation and demonstration of SVM effective-
ness regarding the classification of faults with and without the
presence of noise for distinct types of events.

This paper is organized as follows: Section 2 presents the TW
heory for the location of faults. Section 3 describes the real trans-

ission system model implemented in software ATP. Section 4 is
oncerned with ICA applied to feature extraction using the basis
unction for the location and classification of faults. Section 5
resents the combination of library support vector machine (Lib-
VM) and MDS  as applied to the classification of faults (single line

o ground fault – SLG; double line to ground fault – LLG; double
ine fault – LL; and three-phase fault −– LLL). Section 6 discusses the
esults obtained with the proposed method, as relevant conclusions
re also given.
Fig. 1. Lattice diagram.

2. TW theory

A TW in a transmission line is a transient disturbance that moves
along the line with constant speed and shape. When a fault occurs,
a voltage TW is generated and propagates in both directions from
the fault incidence point. When the TW comes to an eventual dis-
continuity in the line, it is reflected back to the fault origin, while
part of the signal is refracted. In order to track all the components
that exist in the former signal, the Lattice diagram has been used
as shown in Fig. 1.

The path of each wave component can easily tracked along its
zig–zag trajectory, giving rise to reflections and refractions at each
junction. Thus the TW characteristics can be defined at any point
and any time instant [14]. If the fault occurs in the first half of the
line, the distance from the fault point to the measurement one is
given by (1).

d = v (t2 − t1)
2

(1)

where lt is the transmission line total length, while t1 and t2 rep-
resent the travelling time intervals from the fault location to the
measurement point and v is the wave propagation speed in the air.
The TW speed in this propagation mode is very close to the light
speed in the air i.e. 3 × 108 m/s, which is considered for calculation
purposes. The propagation modes can be separated by using Clarke
or Whedepohl transform [15]. If the fault occurs in the second half
of the line, the distance from the fault point to the measurement
one is given by (2).

d = lt − v (t2 − t1)
2

(2)

3. Transmission system model

The voltage data have been acquired from an oscilographic
recorder installed at a transmission line. The line is part of the
Brazilian power system managed by São Francisco’s Hydroelectric
Company (CHESF) and this scenario has been used to test and eval-
uate the proposed strategy. Besides, it is responsible for connecting
Presidente Dutra (PDT) and Boa Esperanç a (BEA) substations (SE).
The total length of the transmission line is 200 km,  whose topology
consists in a two  terminal arrangement i.e. measurement terminal
(PDT) and remote terminal (BEA) as discussed in Section 2. Fig. 2
represents the schematic diagram of the model adopted in the anal-

ysis of faults in the first half (F1) and second half of the line (F2)
using ATP [16]. The positive sequence reactances for the genera-
tors (G1 and G2) that exist in SE-PDT and SE-BEA are 5.65 mH/m.
On the other hand, the positive sequence parameters of the line are
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Fig. 2. 500-kV, 200-km transmission system model.

Table 1
Data for 500 kV, 60 Hz, 200 km three phase line.

Phase arrangement Horizontal tower configuration

Phase condutors
Height at tower 24 m
Height at midspan 12 m
Phase spacing 12 m
Number of bundle conductors 2
Radius of subcondutors 1.257 cm
Spacing between subcondutors 40 cm
DC resistance 0.08998 �/km

Ground wires
Height at tower 33 m
Height at midspan 26 m
Spacing 16 m
Radius 0.4572 cm
DC  resistance 4.188 �/km

Table 2
Case studies defined for the 500 kV, 200 km transmission line.

Fault type SLG, LLG, LL and LLL
Real distance (km) 10, 16, 45, 84, 90, 128, 147, 155
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Resistance of fault (�)  20, 50, 80, 120, 150, 180, 200, 240
Angle of incidence (�) 0◦ , 45◦ , 90◦ , 135◦ , 180◦ , 225◦ , 270◦ , 315◦

SNR (dB) 30, 35, 40, 45, 50, 55, 60, 65, 70, 75

1 = 1.075 mH/km and C1 = 10.805 nF/km, while others parameters
re given in Table 1.

The 500 kV, 60-Hz transmission line model was derived using
arti [17] and the LCC (line and cable constants) block in ATP soft-
are. A set compromising four types of faults (SLG, LLG, LL, and LLL)
nder 7680 distinct situations was used to test the performance of
roposed approach. The employed voltage data were sampled at a
requency of 200 kHz. Distinct values for the distance from the inci-
ence point and PDT terminal were used, as well as different angles
f incidence and resistances for the fault as shown in Table 2. Noise
as added to the source side signal in order to verify the immunity

f the technique to deal with noise contaminated data. Since cur-
ent and potential transformers (CCVT/CT) affect signal data, noise
as added to the source-side signal after the measurement. The

ignal-to-noise ratio (SNR) of the signal is considered to be between
0 dB and 75 dB given by.

NR (dB) = 10log
(Ps)
(Pn)

(3)

here Ps is the signal power variance and Pn is noise power. In order
o obtain the fault database, the conditions described in Table 2
ere used.

.1. Transients in power systems

Transmission lines are considered the most important compo-

ents in power systems, since they connect generating stations to
istribution systems through a huge network. During the fault, the
elay related equipment enables the associated circuit breakers to
solate the sector under fault, as the adoption of accurate schemes
Fig. 3. Fault signal.

for the location of faults is quite important. Such strategies are
based on checking some line parameters that change during the
fault. Three quantities can be distinguished in this case: angle of
incidence of the fault, the fault resistance, and the travelling wave
shape [18].

Fig. 3 shows the voltage signal for a fault that occurred 90 km
far from PDT terminal. This particular case reports a SLG fault with
an angle of incidence of 90◦ and fault resistance of 120 �.  Data
representation of the signal window corresponding to one cycle
(16.67 ms)  is shown in detail, where the peak time instants are evi-
denced. By applying Eq. (1), it is possible to determine the peaks
in the voltage TW corresponding to t1 and t2 to estimate the fault
distance to the measurement terminal.

d =
3 × 108 ×

(
5.185 × 10−3 − 4.4575 × 10−3

)
2

d = 91.5km

This simple example shows that the TW theory can be used to
determine the fault location with relative accuracy and absence of
noise. However, the problem generally becomes more complex as
the TW data is corrupted by uncorrelated noise. In order to over-
come this issue, the combination of some techniques using ICA,
SVM, and MDS  are proposed in this work.

4. Independent component analysis

Let us consider a given mixed signal xi with N observations,
which are modeled as linear combinations of sji whose basis func-
tions are am.

xi = a1s1i + a2s2i + a3s3i+amsji (4)

where j = 1. . .m and sji is a random vector known as source vector.
Vector sji is applied to a mixer, whose input–output characteriza-
tion is defined by a nonsingular matrix A called mixture matrix.
The linear system comprising the source vector S and the mixture
matrix A is completely unknown to the observer. By using such
matrix definition notation, Eq. (4) can be rewritten as follows:

X = AS (5)

This model describes how data are generated from the mixing
process with the independent components. The simplified model
aims at estimating A, as well as the array of independent compo-
nents S by simply observing X. The ICA approach is based on the
blind source separation problem [19]. The block diagram in Fig. 4
describes ICA computation, where an unknown environment con-
tains a set of source signals S as subjected to the action of a mixture

system A. From A, only the observation vector X is provided and
N corresponds to the noise added to the process, while the main
goal is to estimate the demixture matrix W.  In this case, the system
output Y should be able to provide the signal sources with minimal
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eparation problem.

rrors. The problem is said to be blind due to the lack of information
n the mixture and the sources.

The estimation of independent components is based on some
ssumptions:

. The components are inherently statistically independent;

. The components present a nonGaussian distribution;

. The signals regarding additive noise N are statistically indepen-
dent of each other and independent of sources S;

. The number of sensors is greater than or equal to the number of
sources.

On the other hand, the features regarding the ICA model present
ome ambiguity regarding the independent components i.e.

. Their respective variances cannot be determined;

. The orders cannot be determined.

Such ambiguities exist since both A and S are unknown. As a
esult, it is not possible to determine the energy associated to the
ignals i.e. their amplitudes or even estimate the order for S. In
rder to use ICA methods accurately, Eq. (5) must be solved. They
re based on the statistical distribution model for the standard set,
eing used to determine the existing characteristics i.e. the ICA
asis function.

The FastICA algorithm has been chosen in this work since it is
ne of the most robust, fastest, and easiest approaches for practical
mplementation. In this case, the demixture matrix W can be deter-

ined by maximizing the negentropy of signals si so that W ≈ A−1.
he aforementioned code was developed using Matlab software
ccording to the following assumptions:

1: Center data x so that their respective mean is zero;
2: Whiten data x so that z is obtained through z = Vx, where V is

he whitening matrix;
3: Choose an initial vector W of unit norm randomly;
4: Let W ←− E

{
zg

(
WTz

)}
− E

{
g′

(
WTz

)}
W, where g is

efined as g1(y) = tanh(a1y), g2(y) = yexp(y2/2), g3(y) = y3;
5: Let: W ←− W/‖W‖;
6: If convergence is not achieved, return to step 4.
The negentropy defined as J(y) is a differential entropy measure

hat gives the amount of information for random variables. It can be
sed to separate Gaussian signals from nonGaussianones obtained

n step 4 of FastICA algorithm, being expressed as follows:

(y) ≈ [E
{

G (y)
}
− E

{
G (v)

}
]
2

(6)

here v is a zero mean Gaussian variable with unit vari-

nce and G is some nonquadratic function, generally used for
uper-Gaussian distribution g(y) = tanh(y) and for sub-Gaussian
istribution g(y) = y − tanh(y). It is worth to mention that the Fas-
ICA algorithm must be run repeatedly (i.e. up to the dimensionality
ms Research 148 (2017) 254–263 257

of the collected data) to estimate the desired number of indepen-
dent components.

4.1. ICA applied to feature extraction in a transmission line

Feature extraction using high-order statistics has been influ-
enced by neural information processing model. Neuroscience
studies suggest that the neural processing stimulates information
according to the concept of efficient codding [20]. By applying the
aforementioned theory to data regarding faults in transmission
lines, the demixture matrix W can be treated as a set of linear filters
in the form:

S = WX (7)

If the demixture matrix W is assumed to be invertible, ICA esti-
mation can be obtained by X = W−1S, which is equivalent to X = AS.
In order to finish the execution of the FastICA algorithm, the system
output must be determined as Y = WX.

Fig. 5 shows the graphical application of FastICA to achieve
feature extraction associated to faults. The procedure can be sum-
marized as follows:

Vector X is initially used as an input of FastICA algorithm. It cor-
responds to a SLG fault in phase A, with distance of 84 km,  angle of
incidence of 135◦, and fault resistance of 200 �. A noise whose SNR
is 30 dB is then added according to the conditions listed in Table 1.
According to Fig. 5(a), the propagation times are t1 = 0.00655 s and
t2 = 0.00683 s. By using Eq. (1), the fault location could be estimated
at 42 km,  as poor accuracy results if compared to the real value.

The application of FastICA algorithm provides two basis func-
tions for the detection and extraction of information regarding the
magnitudes of the first and second peak amplitudes At1 and At2 at
t1 and t2, respectively.

According to basis function 1 shown in Fig. 5(b), where
t1 = 0.00655 s and t2 = 0.007115 s, Eq. (1) provides the estimated
fault location of 84.75 km,  as excellent accuracy results in this case.

According to basis function 2 shown in Fig. 5(c), where
t1 = 0.00655 s and t2 = 0.007115 s, Eq. (1) provides the estimated
fault location of 84 km,  which is also close to the real distance.

It can be stated that the ICA basis function is able to provide the
magnitude of the transient voltage signal, which is due to the fact
that negentropy is used as a criterion for the estimation of non-
Gaussiansignals. In this case, they act as filters used for separated
signals.

The basis functions are represented by the mixture matrix
A determined by the ICA algorithm, composed by five feature
attributes that have been applied to the fault location and classifi-
cation with and without noise. In this work, the ICA basis functions
have also been used to reduce redundancy in the fault pattern from
7680 for 250. Therefore it is possible to simplify the design and
improve performance regarding the classifier, whose matrix A with
dimension of 250 × 5 is given by:

A = [t1nt2nAt1At2SNR] (8)

where t1n is the time instant for the first peak, t2n is the time instant
for the second reverse peak, At1n is the first peak amplitude, At2n is
the second reverse peak amplitude, and SNR represents the existing
noise.

Fig. 6 shows a typical characteristic pattern vector representing
a SLG fault signal. Details are also provided on important issues e.g.
amplitude, wave propagation time, and presence of noise in terms
of t1, t2, At1, At2, and SNR, respectively.

Fig. 7 corresponds to the graphical representation of one col-

umn  of matrix X in an expanded ICA feature space. Therefore each
column in matrix A corresponds to a given feature of the fault and
each element of S is a coefficient that evidences the importance of
X. This is the main advantage of ICA regarding the achievement of
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Fig. 5. ICA feature extracti
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ig. 6. Typical fault signal in a transmission line where the first and the second peak
mplitudes (At1, At2) are represented.

fficient coding. Here, let X be a set of observations taken from the
ame noisy signal database. By using X = AS as a training input, ICA
earns the basis functions from the columns of matrix A for feature
xtraction purposes so that the variables comprising vector S are
utually and statically independent.
The ICA basis function represents the combinations of a set of

unctions in the frequency domain and time domain describing
very source features. From the mixture signal, ICA aims to obtain
he independent component or the source signals. Thus a single
asis function is able to extract the information required for the
ource separation and identification of the fault location. In order

o determine if the fault occurred in the first half or second half
f the line, the time delay method is used applied to the modal
omponents [21].

Fig. 7. Representation of faults signal in ICA model, where each 
on for fault location.

According to the previous section, ICA is related to the efficient
coding that reduces redundancy in the patterns with minimal loss
of information. Therefore, it ensures effectiveness associated to the
feature extraction stage and provides adequate data representa-
tion, thus making classification easier. Before the fault classifier
is executed with noise contaminated data, the projection of the
basis function in subspaces is carried out, since it is known that the
sources of the mixture signal are independent, what implies inde-
pendent subspace features. An independent subspace is generated
from a set of basis functions that describes the sources as returned
by the ICA algorithm. In other words, the components extracted
by the ICA basis function can be grouped so that each one of them
generates different subspaces.

Fig. 8 represents an example where independent subspaces are
used as inputs for the classifier through a simple projection of the
inner product between the observation vectors X (Xtrain and Xtest)
and the basis function.

This provides new values for the training and testing vectors
X̃train and X̃test which are given by Eqs. (9) and (10), respectively.

X̃train = Axtrain (9)

X̃test = Axtest (10)

The new parameters are:

X̃train = (xt1n, xt2n, xAt1, xAt2, xSNR, . . .xM), xM ∈ RM (11)
X̃test = (xt1n, xt2n, xAt1, xAt2, xSNR, . . .xN), xN ∈ R (12)

where M and N are features describing a particular signature for
samples that belonging to source 1 (class 1) or source 2 (class 2).

column of A is a feature and each si is a feature coefficient.
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ig. 8. Conception of independent subspace (a) 10 ICA basis function returned from
he  mixture signal; (b) two sources subspaces with independent components.

he vector xt1n, xt2n, xAt1, xAt2,xSNR are related to first peak of TW,
econd peak of TW,  amplitude of first peak and second peak, the
oise and the number of samples, respectively. Besides, the sam-
les correspond to normalized vectors (Xnorm) comprising [0,1],
eing this a feature pattern for the fault type adopted in the train-

ng and testing of the input regarding the LibSVM classifier [22].
inally, the output is represented by Yout = (+1, −1), where +1 or
1 indicates if the fault signal contains noise or not, respectively.
he normalization process is carried out by using (13).

norm = Xa − Xmin

Xmax − Xmin
(13)

here Xa is a given variable, while Xmax and Xmin are the maximum
nd minimum values for feature attributes, respectively.

The fault classification task is performed according to the afore-
entioned values provided to LibSVM algorithm.

. Support vector machines

SVM is a very useful technique for data classification and regres-
ion problems. It was firstly proposed by Vladimir Vapnik and has
een successfully used in many areas related to pattern recogni-
ion and regression estimation problems regarding dependency
stimation, forecasting, and construction of intelligent machines.

The SVM approach is able to handle with very large feature
paces if training is carried out with this purpose. The dimension
f classified vectors does not influence the SVM performance as
t occurs in conventional classifiers. Besides, SVM based classifiers
re claimed to have good generalization properties if compared to
heir conventional counterparts because the so called structural

isclassification risk in the training phase is minimized. On the
ther hand, traditional approaches are usually trained to minimize
ventual empirical risks. Detailed information on SVM can be found
n [23].

Nonlinear problems are solved by using SVM in terms of a kernel
unction. For this purpose, classified data are mapped into a high
imensional feature space where the linear classification is possi-
le. Let the nonlinear transform from the input space x to future
pace ˚(x) be given by:

(x) = �1 (x) , �2 (x) , . . .�m (x) (14)

hile the decision surface be obtained as:

(x) =
∑m

˛jyj�
T (xi) � (x) (15)
j=1

here ˛j is the Lagrange multiplier and yj is the output vector using
 given component j. It is worth to mention that inner products are
sed in (15). A function that returns the dot product of the fea-
ms Research 148 (2017) 254–263 259

ture space mapping regarding original data points is called a kernel
function K (x, z) = �T (x) � (x).

Learning in the feature space does not require the existence of
inner products where a kernel function is applied. By using this
concept, the decision function can be written as:

f (x) =
∑m

j=1
˛jyjK (xi, x) (16)

There are different kernel functions proposed in litera-
ture.Mercer’s theorem states that any symmetric positive definite
matrix can be regarded as a kernel matrix. It is important to men-
tion that several kernel function models have been developed in
this work.

Common kernel functions include:

1. linear: K (xi, x) = xT
i
x

2. polynomial: K (xi, x) = (�xT
i
x + r)

d
, � > 0

3. radial basis (RBF) functions: K (xi, x) = exp
(
− xi−x2

2�2

)

4. sigmoid: K (xi, x) = tanh
(

�xT
i
x + r

)

Where � is the width of the Gaussian function and � , r, and d
are kernel parameters. The classification accuracy is measured by
the classification rate (C.R) of the SVM model, given by:

C.R = accurately predicted data
total testing data

· 100% (17)

Literature shows that many SVM algorithms have been devel-
oped e.g. LibSVM, LightSVM, Ls-SVM, among others. LibSVM is used
in this work, which has been inspired in the algorithm proposed by
Chang and Lin. It is considered one of the most efficient approaches
for practical applications due to its excellent properties as described
in [24].

LibSVM is employed in this case to train and test each new sub-
space X̃train and X̃test obtained by the ICA basis function. In order
to improve the computation speed of SVM, an efficient strategy for
feature extraction in high dimensional spaces must be adopted. An
important issue to be considered in this scenario is computational
cost, which tends to increase as the number of input variables also
does. Many feature extraction methods have been introduced so far
to overcome this problem e.g. Principal Component Analysis (PCA),
Self Organization Map  (SOM) network, among others [25,26].

Since the problem studied in this work is also related to high
dimensional spaces, it is useful to adopt a graphical approach to
deal with involved data, as MDS  is chosen for this purpose since it
is adequate for multivariate data [27]. It is widely used in research
and application due to its representation capacity, where a set of
observation is represented by a set of points in a low dimensional
real Euclidean vector space. In order to perform this task, similar
observations are represented by points that are close to each other
[28].

This work combines LibSVM with MDS  using Matlab software
for the better graphical representation of training and test data
obtained by the ICA basis function. Classification of faults with
and without the presence of noise is addressed for several types
of faults. A proper flowchart of the proposed method is shown in
Fig. 9.

6. Results and discussion

The results presented and discussed in this section are divided in

two parts according to the flowchart in Fig. 9. The first one is dedi-
cated to the fault location, where the TW theory and ICA are applied
to the fault voltage database in order to separate the noise signal
from the fault. The second one comprises SVM and MDS  strategies
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Fig. 9. Flowchart representing data processing.

Table 3
Location of a SLG fault for a fault distance of 10 km using 50 ICA basis functions.

SNR (dB) Estimated
distance
(km)

Error (km) Error (%)

30 9.75 0.25 0.125
35  9.75 0.25 0.125
40  9.75 0.25 0.125
45  9.75 0.25 0.125
50  9.75 0.25 0.125
55  9.75 0.25 0.125
60  9.75 0.25 0.125
65 9.75 0.25 0.125
70  9.75 0.25 0.125
75  9.75 0.25 0.125

Table 4
Location of a SLG fault for a fault distance of 90 km using 50 ICA basis functions.

Angles of incidence (�) Estimated
distance
(km)

Error (km) Error (%)

0◦ 90.15 0.15 0.075
45◦ 90.15 0.15 0.075
90◦ 90.15 0.15 0.075
135◦ 90.15 0.15 0.075
180◦ 90.15 0.15 0.075
225◦ 90.15 0.15 0.075
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Table 5
Location of a SLG fault for a fault distance of 150 km using 50 ICA basis functions.

Resistance of fault (�) Estimated
distance
(km)

Error (km) Error (%)

20 155.33 0.33 0.165
50  155.33 0.33 0.165
80  155.33 0.33 0.165
120  155.33 0.33 0.165
150  155.33 0.33 0.165
180  155.33 0.33 0.165
200 155.33 0.33 0.165
240 155.33 0.33 0.165

Table 6
Location of faults using ICA basis function for all cases.

Real distance (km) Estimated
distance
(km)

ICA basis function Error (km) Error (%)

10 9.75 50 0.25 0.125
16  15.95 50 0.005 0.025
45  45.33 70 0.33 0.165
84  84.17 115 0.17 0.085
90  90.15 115 0.15 0.075
128  128.56 115 0.56 0.280
147  147.67 250 0.67 0.335
155  155.33 250 0.33 0.165

Table 7
AE (%) for distinct fault types.

Fault type 10 km 16 km 84 km 90 km 128 km 147 km 155 km

SLG 0.01 0.01 0.01 0.02 0.05 0.09 0.10
LLG  0.01 0.01 0.02 0.02 0.05 0.08 0.10
270◦ 90.15 0.15 0.075
315◦ 90.15 0.15 0.075

s applied to the database in the absence of noise, considering that
t was previously treated by the ICA algorithm.

The case studies presented in Table 2 are used to test the per-
ormance of the adopted algorithms. Before the strategies can be
roperly evaluated, it is necessary to define performance indexes
apable of generalizing the results. Two parameters i.e. the relative
rror Error (%) and the average error AE (%) are defined as follows:

rror (%) = |DE − DR|
lt

× 100% (18)

.E(%) = �N
1 Error(%)

Ns
(19)

here DE and DR are the estimated distance and real distance,
espectively; and Ns is the number of samples in a given test case.

Tables 3–5 shown the performance of the ICA basis function

n the location of fault distance of under the influence of distinct
alues of SNR, angle of incidence, and fault resistance. Several case
tudies considering distinct values assumed by the aforementioned
arameters are evaluated in order to test the performance regard-
LL  0.01 0.01 0.02 0.02 0.05 0.08 0.10
LLL  0.01 0.01 0.01 0.02 0.05 0.09 0.11

ing the proposed approach, as relevant results are summarized in
Table 6. The ICA technique using noisy data presents excellent per-
formance even if compared with traditional processing ones as it
will be seen in the forthcoming analysis. It is worth to mention
that such typical methods do not consider the presence of noise
in the employed data, what can be clearly stated from the values
calculated for AE (%) listed in Table 7.

It can be seen that accuracy when determining the fault location
is not influenced by the SNR, high values of fault resistance, and
small angles of incidence. This is due to the fact that the ICA basis
function splits the data space in two  new subspaces containing data
with the presence and absence of noise. Thus data without noise can
be used for the accurate determination of the fault incidence point
in the transmission line. Critical issues regarding the detection of
the second peak in TW can be overcome when using ICA approach
since noise is filtered. This is one of the most important properties
of ICA.

In order to evaluate the performance of the proposed method, a
proper comparison can be established with the other works studied
in literature, which do not consider the effect of noise on the fault
location. The wavelet energy associated to the coefficients can be
defined as:

Ejk = |D(jk)|2 (20)

where Ejk is the wavelet energy spectrum at scale j and instant k.
The wavelet energy corresponds to the sum of the squared detailed
coefficients obtained from the wavelet transform. The wavelet coef-

ficient energy varies over different scales depending on the input
signals. Then it is possible to achieve feature extraction regarding
the fault location by applying such concept.
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Fig. 10. Wavelet energy spectrum.

Fig. 11. Comparison between two  methods used in fault location.
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Fig. 13. SVM using a linear kernel.

noise is considered for computation purposes in order to validate
ig. 12. Dimensional map  for the data training in LibSVM with MDS.(For interpre-
ation of the references to color in the text, the reader is referred to the web  version
f this article.)

Fig. 10 (a) and (b) presents the wavelet energy used in the detec-
ion and fault location under the same conditions assumed by the
ault signal in Fig. 5 using daubechies 4 wavelet transform (db4)
ith two-level scale.

Fig. 10(a) shows that the wavelet energy 1 employs the first scale
f db4 to detect and determine the magnitudes of the first peak Et1
nd the second peak Et2, while t1 = 0.006535 s and t2 = 0.00712 s
re obtained by applying Eq. (1). The estimated distance for the
ault location is 87.75 km,  whose percent error is higher than 1%.
esides, both estimated values for Et2 and t2 are corrupted due to
he influence of noise if compared to the case where the ICA basis
unction is used.

Fig. 10(b) evidences that the wavelet energy 2 adopts the second
cale of db4, where t1 = 0.006535 s and t2 = 0.007105 s as obtained
rom Eq. (1). The estimated distance for the fault location is 85.5 km

nd good accuracy results in this case.

For comparison purposes, simulation tests involving the method
reviously described in this work and the wavelet transform using
Fig. 14. SVM using a Sigmoid kernel.

wavelet energy are performed in order to verify their performance
for SLG faults that occur until the first half of the line (F1). In this
case, the fault distance is between 7.34 km and 99.2 km,  the fault
resistance is between 20 � and 240 �, and the angle of incidence
varies from 0◦ to 360◦. Simulation results are shown in Fig. 11,
where SNR ranges from 30 dB to 75 dB.

The behavior of the curves is in accordance with the theoretical
analysis. It can be seen that the relative error regarding the fault
distance estimation using the proposed method is always lower
than 1% under the adopted test conditions. On the other hand,
the wavelet transform-based one assumes relative errors higher
1% for fault distances longer than 40 km,  thus demonstrating that
the technique presents superior performance.

According to the flowchart represented in Fig. 9, after the loca-
tion of the fault point using TW and ICA, the next step consists in
identifying the fault type, which is determined by employing a com-
bination of SVM and MDS  strategies. Although data and noise have
been separated when using ICA, the original database corrupted by
the effectiveness of SVM and MDS  when dealing with noisy data.
Besides, it is worth to mention that MDS  is adequate as a graphical
representation tool for the analysis of results.
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Table  8
Test results regarding the classification of faults using LibSVM.

SNR (dB) SLG LLG LL LLL Total C.R (%) N◦ SVs

C I C I C I C I C I

30 150 0 147 3 148 2 149 1 594 6 99 40
35  150 0 148 2 148 2 149 1 595 5 99.1 20
40  150 0 149 1 150 0 149 1 598 2 99.6 20
45  150 0 150 0 150 0 149 1 599 1 99.8 20
50  150 0 150 0 150 0 150 0 600 0 100 17
55  150 0 150 0 150 0 150 0 600 0 100 17
60  150 0 150 0 150 0 150 0 600 0 100 15
65  150 0 150 0 150 0 150 0 600 0 100 15
70  150 0 150 0 150 0 150 0 600 0 100 15
75  150 0 150 0 150 0 150 0 600 0 100 15
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Table 9
Classification of faults using: OAO and OAA strategies.

Fault type Accuracy

OAO strategies
SLG (C = 2000 and � = 0.09) 99.1%
LLG (C = 100 and � = 0.7) 98%
LL (C = 2000 and � = 0.01) 97.7%
LLL (C = 100 and � = 0.6) 96.3%

OAA strategies
SLG (C = 100 and � = 0.05) 93.1%

able to provide the best results when using OAO as a binary
Fig. 15. SVM using a RBF kernel.

The voltage database used in this work is composed by four types
f faults, which are divided in two sets labeled as X̃train and X̃test
ith 600 and 150 components each, respectively, corresponding to

he input data for LibSVM. On the other hand, the output Yout = (+1;
1) is represented graphically by MDS  with and without the pres-
nce of noise. By using such database, the fault classification process
ased on LibSVM can be summarized as follows:

. Pre-processing of sample data. This step consists in the data min-
imization process while mapping a reduced dimensional space.
The MDS  representation is very important to the analysis of the
fault classification process as well as the visualization of results.

. Classification method for multi-classification problems. One-
against-one (OAO) and one-against-all (OAA) are the strategies
used to determine the best kernel parameters, where C is
the regularization constant and � is the Gaussian function
width. Therefore LibSVM is responsible for performing the cross-
validation used in fault classification in this stage.

In order to apply multi-class SVM with N types of faults, N(N-
)/2 binary classifiers are necessary. Some binary classifiers can be
sed for this purpose e.g. OAO and OAA, although OAO has provided
etter results when using LibSVM. Firstly the binary classifier dis-
inguishes the noise signal, while OAO is then adopted to classify
he corresponding fault type.

The results obtained with LibSVM are presented and discussed
s follows, where the MDS  graphical representation is used for this
urpose. In order to explain the fault classification process, only a
LG fault is represented when data is corrupted by noise, whose
NR is 30 dB. The obtained results are properly classified from I to
III according to the degree of success i.e. I – fault signals without
oise; II – fault signals with noise; III – fault signals without noise
nd classified incorrectly; IV – fault signals with noise and classified
ncorrectly; V – fault signals with noise used in the training process;

I – fault signals without noise used in training process; VII – fault
ignals with noise and classified correctly and VIII – fault signals
ithout noise and classified correctly.
LLG (C = 10 and � = 0.1) 86.19%
LL (C = 100 and � = 0.04) 80.1%
LLL (C = 10 and � = 1.2) 87.56%

After the voltage database is treated by ICA algorithm, two
output subspaces are generated, thus representing data with and
without noise. The aforementioned subspaces are shown in Fig. 12
by using MDS  approach for graphical representation. This graph
shows a dimensional map  corresponding to propagation time (tTW)
and amplitude of the TW (ATW), as well as SNR regarding the rep-
resentation of the ICA output results valid for SLG fault. The fault
data without noise (blue cluster – I) and with noise (red cluster – II)
are also presented in Fig. 12. In order to establish a proper perfor-
mance comparison, the input of the SVM algorithm is defined after
the pre-processing stage according to Fig. 9. Data without noise
and noisy data are used to train and test X̃train and X̃test defined
as inputs for the SVM algorithm. Three types of SVM kernels are
used in this case: i.e.linear, sigmoid, and RBF kernels under different
noisy conditions, where SNR varies from 30 dB to 75 dB.

Fig. 13 shows the obtained results when employing the pro-
posed SVM algorithm with linear kernel to classify 150 cases
regarding SLG faults. According to the results, it can be seen that
it is quite hard to classify the faults when in this case since only
86 among 150 SLG faults patterns have been correctly classified.
Besides, significant problems exist: fault signals without noise are
classified incorrectly (III); and fault signals with noise are classified
incorrectly (IV). In other words, it can be stated that applying linear
kernels to SVM method is unsuccessful when dealing with feature
extraction in fault classification. According to Fig. 14, by using the
sigmoid kernel only 131 among 150 SLG faults patterns have been
correctly classified and one significant problem is been found: faults
with noise are classified incorrectly (IV). Fig. 15 shows that the best
results are achieved when using RBF kernel associated to SVM, as a
classification rate of 100% is obtained when dealing with the faults.
It is also worth to mention that both fault signals with and without
noise are correctly classified in this case.

In order to apply multi-class SVM with N types of faults,
N(N − 1)/2 binary classifiers are once again necessary. LibSVM is
multi-class pattern. The accurate execution of SVM requires the
proper turning of the involved parameters (C and �), which are
defined according to the cross-validation test. After three fold cross
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Table  10
Performance comparison regarding several techniques applied to fault location and
classification problems.

Proposed by Reference
number

Proposed
method

Error (%) Accuracy (%)

V. Malathi et al. [6] Wavelet and SVM 1% 99.11%
S.  Eikici et al. [7] Wavelet and ANN 2.05% –
S.  Eikici [8] Wavelet and SVM 1% 99%
M.  Jamil et al. [9] Wavelet and GNN 2% –
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[27] I. Borg, P.J.F. Groenen, Modern Multidimensional Scaling: Theory and
A.A. Yusuff et al. [10] Wavelet and SVR 1% 100%
S.R.  Samantary [12] Wavelet, S and Fuzzy – 98%

alidation, the parameters converge to C = 1000 and � = 1, which
orrespond to the best outputs for the RBF kernel as shown in
able 8.

Table 8 represents the test results for LibSVM applied to fault
lassification. Columns C and I indicate that the classification has
een performed correctly and incorrectly, respectively. Considering
he first row in Table 8 where SNR is 30 dB, it can be stated that the
lgorithm presents a classification rate 100% when dealing with
50 cases regarding a SLG fault. The best classification results are
chieved with SNR = 50 dB for an accuracy of 100% considering all
ypes of faults.

On the other hand, the worst results correspond to 30 dB. It is
orth to mention that data are strongly corrupted by noise in this

ase even when C.R = 99%, where accuracy is considered to be sat-
sfactory. Therefore it is reasonable to conclude that combining ICA

ith SVM and MDS  provides an adequate tool for the classification
f faults when dealing with noisy voltage signal database. Table 9
resents supplementary values with the variation of C and � for two
istinct multi-classification problems: OAO and OAA strategies.

According to this study, the proposed approach combining ICA
ith SVM associated with OAO presents accuracy values up to 100%

egarding the classification of faults for several values of SNR (from
0 dB to 75 dB). Besides, it presents superior performance if com-
ared with the techniques describes in Table 10.

 The works dealing with combined strategies such as wavelet and
SVM and wavelet with ANN have only addressed the classification
of fault signals without noise, even though good accuracy has
been achieved.

 The combination of wavelet with fuzzy is only satisfactory for
SNRs up to 20 dB, thus evidencing that wavelets are sensitive to
noise. Besides, the fuzzy system demands a large set of logical
rules specifically chosen for the data set.

 The combination of ICA with TW theory and ICA with SVM has
provided more relevant results considering the presence of noise.
This is due to the application of basis functions using the concept
of efficient codding so that minimization of data redundancy with
better simplification is achieved in the modeling process. Con-
sequently, faster processing time and improved accuracy in the
location and classification of faults result if compared to tradi-
tional techniques such as wavelets and ANNs.

. Conclusions

The analysis of many case studies regarding transmission line
aults has shown that the ICA approach proposed in this work can be
sed for the successful extraction of noise in databases. Besides, the
W theory can be used to determine the fault location in a simple
ay. On the other hand, a powerful technique results when ICA is

ombined with SVM. By using MDS  for the graphic representation of

ata, the advantages associated to ICA can be clearly demonstrated.

Generally, the analysis carried out in this work has shown that
he proposed combination of methods provides excellent results
or fault location purposes since the involved errors are lower than

[
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1%, with good classification of faults noise levels higher with an
accuracy of 100% considering all types of faults.

The obtained results have demonstrated that the introduced
approach presents better performance than those regarding some
conventional techniques e.g. wavelets and ANNs as summarized in
Table 10, since noise issues can be readily overcome.
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