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Abstract This paper presents a fault location method for
transmission lines with the application of a mono-objective
optimization technique using the ellipsoid algorithm with
voltage and current data of both terminals. The fault detection
is performed using the stationary wavelet transform and Par-
seval’s theorem, and the classificationwas conductedwith the
application of artificial neural networks. Theminimization of
the objective function defined for the short and long transmis-
sion line models provides not only the distance to the fault
point, but also the fault resistance value. Many short-circuit
situations simulated in the alternative transients program are
tested with variations in the fault type, adjustments in the
distance to the fault point, and fault resistance. The results
of the algorithm applied to real faults in the electrical sys-
tem of Brazil are also presented and compared to the values
obtainedwith a classic fault location algorithm. According to
the observations, the adopted formulation achieves the pre-
established objectives, with mean errors of fault location for
the real cases lower than 2% of the line length.
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1 Introduction

A fault location method for transmission lines is required by
electric companies to assist them in providing quality ser-
vices to their consumers, the reduction of operational costs,
and to avoid paying fines to the regulatory agencies.

Among factors that affect electrical system performance
are the faults or short circuits in components and equip-
ment, especially when these are permanent, requiring the
deployment of a maintenance team to perform the necessary
repairs. Among the faults, those that occur in transmission
lines—which can be extensive and sometimes difficult to
access—play a prominent role. When the fault is permanent,
the line is taken out of service. In some cases, the system does
not reach the appropriate service status, causing unwanted
blackouts.

To reduce the consequences, as soon as a fault occurs in a
transmission line, immediate actions should be taken for its
location and repair. The location step, i.e., determining the
location where the fault occurred, is critical for the services
to be restored because the faster and more precise it is, the
shorter is the repair time [1].

In [2,3], the use of two terminals considering the repre-
sentation in the phase domain instead of using symmetrical
components was proposed, with non-synchronized data. The
main advantages of this representation are that the type of
fault does not have to be known, and it is applicable for
untransposed lines, since any general impedance matrix can
be considered. Conversely, without considering the line’s
capacitances, these algorithms may show greater errors for
long lines. In [4] a methodology is presented for untrans-
posed lines, using the π model. Some works have focused
on other aspects of the problem, such as line parameter errors
[5–8], which have introduced techniques that do not need the
line parameters to evaluate the fault distance. The technique
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Fig. 1 Fault location algorithm

proposed in [9] introduced a fault location method for mixed
lines—overhead lines and cables.

This study presents the results of the application of an
ellipsoid optimization algorithm for the fault location in
a transmission line simulated in the Alternative Transients
Program (ATP) [10], and in real situations of the Brazilian
electrical system, obtained by digital event recorders or dig-
ital relays with oscillography facilities of a Brazilian power
company. Two objective functions (OFs) are presented: one
for the short transmission line model that ignores the capaci-
tance and another that considers the long line model with the
hyperbolic corrections. The method presented is based on
symmetrical components of the fault circuit, considering the
transposed line and the synchronized data. For the method’s
correct performance, the fault needs to be identified.

In addition to the distance to the fault, the application of
the method proposed provides the estimated fault resistance
value. This information is important for the maintenance
team because, according to the results obtained, its value
indicates the nature of the fault. High fault resistance values
are associated with fire and vegetation in the area, whereas
the low values are related to short circuits caused by overvolt-
ages from atmospheric discharge (AD). The steps required
by the fault location program were developed in MATLAB.

2 Initial considerations

Before solving the problem with the minimization of the OF,
the application of pre-processing routines is necessary for

the preparation of the data. Figure 1 presents the basic steps
involved in the developed fault location program, showing
the main steps to be executed. The process starts with the
reading of the input data, i.e., the voltages and currents in
the two line terminals contained in a file, which could be the
output of the ATP or in COMTRADE format [11]. Next, the
fault instant is determined to allow the separation of the pre
and post-fault periods. The pre-conditioning of these signals
is then performed with a low-pass filter, the 100 Hz second-
order Butterworth filter, to remove the higher frequencies.
After this step, the input data were interpolated to obtain the
sampling rate desired. In this case, the number of points per
cycle (NPC) [12] of the fundamental frequency (60 Hz) is
16.

To estimate the phasors associated with the fundamen-
tal frequency, the least-squares method by Sachdev and
Baribeau [13] was used. The next step is fault classifica-
tion, to select the voltage and current phasors involved in the
short circuit and the OF that will be used by the algorithm
for the location. Finally, the last step is the application of the
algorithm to estimate the distance to the fault point and the
fault resistance through the minimization of the OF.

For the analysis and routine tests of the locator, a database
was created with the faults simulated with the ATP program
considering a 200 km and 138 kV three-phase transmission
line. The transmission line parameters and the data from the
equivalent sources are listed in Table 1 and the line configura-
tion is shown in Fig. 2. The fault detection, classification and
location algorithms were also submitted to nine real faults
obtained by digital event recorders. The fault location was
confirmed by the maintenance team.

3 Fault detection and classification

3.1 Fault detection

In the fault detection step, the stationary wavelet transform
(SWT) [14,15] and Parseval’s theorem were applied [16].
Initially, the samples of input data were normalized consid-
ering the maximum peak value, which was recorded during
the first two cycles when the electrical system was operat-
ing in the pre-fault period. Next, the fourth-order Daubechies
motherwavelet (db4)was used at its first decomposition level
for the extraction of high-frequency signals called the detail

Table 1 Line parameters and
sources used for the simulated
faults

Element Positive sequence Zero sequence

r1 (�) x1 (�) c1 (nF) r0 (�) x0 (�) c0 (nF)

Line 35.0 139.94 1690.0 95.48 359.80 1088.0

Local source 4.0 95.0 – 4.0 95.0 –

Remote source 6.5 50.89 – 3.0 39.96 –
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coefficient dC1. Other wavelets were tested [17], and the db4
at its first decomposition level proved to be efficient for the
extraction of high-frequency characteristics.

With thedC1 detail coefficients, the energyE is calculated
based on Parseval’s theorem, according to Eq. (1).

Fig. 2 Line configuration

E =
N∑

n=1

dC12 (n) (1)

The calculation is performed by a moving window, equal
in length to the NPC, through dC1, with a step for sample
displacement. Figure 3 presents the evolution of an original
current signal going through the previously described steps.

For the fault detection, the data of the energy of detail
coefficient (E) are selected,which refer to the signals of three-
phase currents, and then the occurrence of fault is identified
in any of the three phases according to Eq. (2).

E (n + 1) − E (n) > �E (2)

where n corresponds to the nth sample of the energy of the
detail coefficient E, and �E corresponds to the energy vari-
ation that indicates the fault detection. The fault detector
allows the separation of the signals in sets of data so the
fault voltages and currents are properly used in the OF for
the fault location.

3.2 Fault classification

This step classifies the disturbances using the artificial neural
networks (ANNs) [18,19]. The set of data is subdivided into
one training set and one validation set. The latter is used to
evaluate the ANN during the training phase. This procedure
is necessary to avoid the overtraining of the ANN. In this sit-
uation, the training process should be interrupted when the
smallest mean square error for the validation set is achieved

Fig. 3 Determination of
Parseval’s energy with the dC1
coefficients
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Fig. 4 Different types of faults:
a single phase-to-ground (AG,
BG or CG); b two-phase (AB,
AC, BC); c three-phase (ABC);
d two phase-to-ground (ABG,
ACG or BCG)
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during the training phase. The sizes of the training and val-
idation sets correspond to 80 and 20% of all examples of
the data set, respectively. In the training and validation sets,
the fault conditions presented to the ANNs were randomly
arranged in the file.

Figure 4 details the types of faults investigated here, where
the different types of faults, the location of the fault F, the
distance at which the fault d occurred from terminal S and
fault resistances RF are presented.

A set of scenarios forANN trainingwas generated, consid-
ering nine points along the transmission line were selected as
points for the application of fault situations. The combination
of these positions with the variations of two fault incidence
angles (0◦ and 90◦) and the three line-to-ground fault resis-
tances (0, 30 and 100 �) or with the three line-to-line fault
resistances (0, 1 and 5 �) used resulted in 54 situations for
each fault type. Three datawindowswere considered after the
detection of the fault situation (fault start). Hence, the data
set is formed by 1620 patterns (9 fault locations × 3 fault
resistances × 2 fault incidence angles × 3 data windows ×
10 fault types).

The fault voltage and current phasor moduli were
employed soon after the detection (extracted with the least-
squares method) as the initial values considered in the first
data window from the total of three windows. Window 1
contains four fault voltage samples (VAF, VAF+1, VAF+2,
VAF+3, VBF, VBF+1, VBF+2, VBF+3, VCF, VCF+1,
VCF+2, and VCF+3,). This window also contains the four
samples related to the fault currents (IAF, IAF+1, IAF+2,
IAF+3, IBF, IBF+1, IBF+2, IBF+3, ICF, ICF+1, ICF+2, and
ICF+3,) with the respective expected response of the neural
network for a fault situation along the transmission line (S1,
S2, S3, and S4). The other windows are obtained with the
displacement of a sample in the data set. Similar to what
occurs in the detection step; the phasors are normalized in
relation to the maximum peak value that is registered during
the first two cycles when the electrical system is operating in
the pre-fault period. Table 2 shows the expected responses of
the neural network from the function of the fault type in the
training phase.

In the validation phase, it was stipulated that the outputs
(Si ) observed in the range of −1 to 0.5 (0 ≤ Si < 0.5)
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Table 2 Neural network output
from the function of the fault
type

Fault S1 S2 S3 S4

AG 1 − 1 − 1 1

BG − 1 1 − 1 1

CG − 1 − 1 1 1

AB 1 1 − 1 − 1

BC − 1 1 1 − 1

CA 1 − 1 1 − 1

ABG 1 1 − 1 1

BCG − 1 1 1 1

CAG 1 − 1 1 1

ABC 1 1 1 − 1

indicate a normal situation and that the values in the range
of 0.5–1.0 (0.5 ≤ Si≤1.0) indicate a fault.

The characteristics of the networkwere determined exper-
imentally with multilayer perceptron (MLP) topology, back-
propagation supervised learning method, and Levenberg–
Marquardt training algorithm. The activation function is the
tangent sigmoid and the 24-16-4 neural network architecture
was selected.

Figure 5 shows the voltage and current signals for a real
fault case caused by atmospheric discharge. The transmis-
sion line is 500 kV and 342.7 km long. The neural network
classified the event correctly as CG

Table 3 shows the outputs of the ANN for nine real fault
cases, which obtained 100% of right responses in the classi-
fication. Special attention is drawn to the fact that the neural
networks had been trained with the data from a line simu-
lated in the ATP with different impedance, extension, and

Table 3 Neural network outputs: real faults

Line Fault S1 S2 S3 S4

1 AG 0.9998 −0.9999 −0.9992 1.0000

BG −0.5523 0.9975 −0.9997 1.0000

2 AG 0.9998 −1.0000 −0.9997 1.0000

3 AG 0.9998 −0.9997 −0.998 1.0000

4 CG −0.9993 −0.9999 0.9536 0.9994

CG −0.9999 −1.0000 0.9998 0.9998

5 AG 0.9998 −1.0000 −0.9998 0.9999

ACG 0.9998 −0.9999 0.9998 0.9999

6 BG −0.9999 0.9999 −0.9998 1.000

short-circuit characteristics in relation to real cases. When
compared to those of the real cases, the results are different
from what is usually presented in literature, where the neural
network is applied to files generated from the same transmis-
sion linewhere it had been trained [20,21]. This demonstrates
the generalization capability of the developed methodology.

3.3 Fault location: ellipsoid algorithm

The fault location is performed using a mono-objective opti-
mization techniquewith the ellipsoid algorithm.The intuitive
idea of the algorithm, i.e., the exclusion of semi-spaces [22],
consists in enclosing the optimal solution with an ellip-
soid. With this ellipsoid, cuts are performed that are always
generating smaller ellipsoids until a degenerate ellipsoid is
achieved over the optimal point, which will be its center.

Fig. 5 Line voltages and
currents for CG fault
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Fig. 6 Example of ellipsoid evolution—6 iterations

The basic ellipsoid algorithm is described by the following
recursive equations that generate a sequence of xk points

xk+1 = xk − β1
Qkgk

(gkQkgk)1/2
(3)

Qk+1 = β2

(
Qk − β3(Qkgk)(Qkgk)T

gTk Qkgk

)
(4)

With

β1 = 1

(n + 1)
β2 = n2

(n2 + 1)
β3 = 2

(n + 1)
(5)

Vector gk is the subgradient of the most violated con-
straint, or if xk is in the feasible region, a subgradient of the
OF f0(xk) in that point. Figure 6 presents the evolution of
the ellipsoids for a simulated fault at 20 km and with fault
resistance of 20 � in a transmission line.

4 Objective function for the fault location

To find the fault location, OFs were created based on sym-
metrical components dependent on the different fault types
(single-phase, two-phase, two-phase-to-ground, and three-
phase) using data from the two terminals of the monitored
transmission line. Thus,

F = F (x, Z1) (6)

where x is the fault point, RF is the fault resistance.

Fig. 7 Circuit for AG fault

4.1 Short line model-(OPT-short)

As an example of how to obtain the OF in a three-phase
transmission line, consider the phase A fault to ground, rep-
resented in the diagram of Fig. 7.

The indexes 0, 1, and 2 indicate the components of the
zero, positive, and negative sequences, respectively. In the
short line model, I=

Sm I
F
Sm and I=

Rm I
F
Rm , where m = 0, 1, 2.

With the application of Kirchhoff’s voltage law,

VS0 + VS1 + VS2 − x Z1 (IS1 + IS2) − x Z0 IS0

−3RF (IS1 + IR1) = 0 (7)

Adding and subtracting x Z1 IS0

VS0+VS1+VS2−x Z1 (IS0 + IS1 + IS2) − x I S0 (Z0 − Z1)

−3RF (IS1 + IR1) = 0 (8)

Given that

VS0 + VS1 + VS2 = VS

IS0 + IS1 + IS2 = IS (9)
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Table 4 Objective functions for
short line model

Fault F (x, RF )

AG, BG, CG |VS0 + VS1 + VS2 − x Z0 IS0 − x Z1 (IS1 + IS2) − RF (IS1 + IR1) |2
AB, BC, CA, ABG, BCG, CAG |VS1 − VS2 − x Z1 (IS1 − IS2) − RF (IS1 + IR1) + RF (IS2 + IR2)|2
ABC |VS1 − x Z1 IS1 − RF (IS1 + IR1)|2

Table 5 Objective functions for
long line model

Fault F (x, RF )

AG, BG, CG
∣∣V F

S0 + V F
S1 + V F

S2 − RF
(
I FS1 + I FR1

)∣∣2

AB, BC, CA, ABG, BCG, CAG
∣∣V F

S1 − V F
S2 − RF

(
I FS1 + I FR1

) + RF
(
I FS2 + I FR2

)∣∣2

ABC
∣∣V F

S1 − RF
(
I FS1 + I FR1

)∣∣2

The result is

VS − x Z1

(
IS + Z0 − Z1

Z1
IS0

)
− 3RF (IS1 + IR1) = 0

(10)

It can be written that

V M
S − VC

S = 0 (11)

where

VC
S = x Z1

(
IS + Z0 − Z1

Z1
IS0

)
+ 3RF (IS1 + IR1) (12)

and V M
S and VC

S are the measured and calculated voltages in
terminal S, respectively.

Using the square of the modulus of Eq. (11), the result is

F (x, RF ) =
∣∣∣V M

S − VC
S

∣∣∣
2

(13)

i.e.,

F(x, RF )

= Re

((
VS − x Z1

(
IS + Z0 − Z1

Z1
IS0

)
− 3RF (IS1+ IR1)

))2

+ Im

((
VS − x Z1

(
IS + Z0 − Z1

Z1
IS0

)
− 3RF (IS1+ IR1)

))2

(14)

Table 4 contains the objective functions according to the
fault type.

4.2 Long line model-(OPT-long)

For the long line model, consider Fig. 7 with the parameters
distributed along the transmission line resulting in the hyper-
bolic equations. The OF, in which the minimum point is the

fault location, is given by Table 5.

V F
S0 = cosh

(
γ 0x

)
VS0 − ZC0sinh

(
γ 0x

)
IS0

V F
S1 = cosh

(
γ 1x

)
VS1 − ZC1sinh

(
γ 1x

)
IS1

V F
S2 = cosh

(
γ 2x

)
VS2 − ZC2sinh

(
γ 2x

)
IS2

I FS1 = sinh
(
γ 1x

)
IS1

ZC1
− cosh

(
γ 1x

)
IS1

I FR1 = sinh
(
γ 1x

)
VR1

ZC1
− cosh

(
γ 1x

)
IR1

I FS2 = sinh
(
γ 2x

)
IS2

ZC1
− cosh

(
γ 2x

)
IS2

I FR2 = sinh
(
γ 2x

)
VR2

ZC2
− cosh

(
γ 2x

)
IR2

5 Results obtained

5.1 Simulated signals

After the fault detection and classification, the ellipsoid algo-
rithm is applied to find the fault location and calculate the
fault resistance. Figure 8 shows the OF for AG fault with
fault resistance of 20 � at 100 km from terminal S consid-
ering the short line model. Figure 9 presents the evolution
of the value of the function, and Fig. 10 shows the evolution
of the algorithm for the determination of the distance to the
fault and the calculation of the fault resistance. For the results
with simulated data, the 200 km long, 138 kV line with the
characteristics of Table 1 and Fig. 2 was used.

Figure 9 indicates that the algorithm rapidly converges to
the minimum of the function with initial oscillations of the
variables, which decrease as the algorithm evolves, as shown
by Fig. 10.

To better compare the performance of the proposed
method, two other location methods were implemented: one
for transposed lines and synchronized data—Johns et al. [23]
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Fig. 8 Objective function for AG fault

Fig. 9 Evolution of the objective

and the other for untransposed lines and non-synchronized
data—Douglas et al. [3]. The error is expressed in function
of the total length of the line, given by

e(%) =
∣∣∣∣
(estimated location − real location) × 100

line length

∣∣∣∣ (15)

Figures 11 and 12 present the location errors obtained for
AG fault in different points in the transmission lines for the
fault resistances of 20 and 100 � using the OF for the short
line model (OPT-Short) and long line model (OPT-Long).
Figure 13 presents the algorithm errors when BC faults are
applied along the line, with fault resistance of 5 �. Table 6
shows the average andmaximumerrors producedby the algo-
rithms.

The algorithms produced errors lower than 1.5%, except
for the short line model algorithm, which had errors up to
3.25%. The optimization algorithm based on the long line
model produced, in the average, the lowest errors. The opti-
mization algorithm based on the short line model and the
method proposed in [3] produced slightly higher errors for
not predicting the line’s capacitances.

The fault location algorithmproposed is basedon sequence
components and on the assumption that complete transposi-
tion is satisfied for the transmission line. The line in Fig. 2
was simulated as not transposed in the ATP and the results
were presented in Table 7, for BC faults along the line, with
fault resistance of 5 �.

Fig. 10 Evolution of the
variables distance to fault (X)
and fault resistance RF
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Fig. 11 Location errors—AG fault—RF = 20 �
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Fig. 12 Location errors—AG fault—RF = 100 �

The sampling frequency is 960 Hz for data in the simu-
lation, that is, 16 sampling points for each power frequency
cycle. The phase-angle difference between two adjacent sam-
pling points is 22.5◦. A synchronism error of 45◦, between S
and R terminals, was induced for AG faults with fault resis-
tance equal to 20 � along the transmission line. Results are
shown in Table 7.
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Fig. 13 Location errors—BC fault—RF = 5 �

For the untransposed line, except the method proposed
in [3], which considers, in its modeling, the line’s non-
transposition, the errors increased.Nevertheless, themethods
may be used for fault location. For non-synchronized data,
the method in [3] continued to produce the errors shown
in Table 6. The optimization algorithm turned out to be
synchronism-sensitive, with an increase in the errors. The
method presented in [23], on the other hand, produced greater
errors due to the data’s non-synchronism.

Figure 14 presents the fault resistance value estimated for
two cycles after short-circuit at 80 km with a resistance of
20 �, from the optimization algorithm using the short line
model. Figure 15 shows fault resistance values estimated for
various fault points along the transmission line for AG faults
with fault resistance values of 20 and 100 �.

The long line model is the most precise one, producing,
for values of 100 and 20 �, a maximum deviation of 3.1 and
3.2 �, respectively.

5.2 Real signals

The location program was applied to real short-circuit cases
in the electrical system of Brazil for the OF using the short
and long line models. Results are shown in Table 8.

Table 6 Errors produced by the algorithms

Fault OPT-long OPT-short Ref. [3] Ref. [23]

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

AT RF = 20 � 0.66 1.25 1.36 2.55 0.78 1.15 0.63 0.82

AT RF = 100 � 0.34 0.95 1.31 3.25 0.83 1.25 0.88 1.09

BC RF = 5 � 0.19 0.55 0.44 0.95 1.26 1.45 0.54 1.25
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Table 7 Errors due to transposition and synchronism

Fault OPT-long OPT-short Ref. [3] Ref. [23]

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

Average
error (%)

Max.
error (%)

Untransposed 1.97 3.65 1.67 2.55 0.43 0.95 3.06 3.57

Non-synchronized 7.19 12.25 5.86 11.05 0.78 1.15 106.34 129.33

Table 8 Estimation for real cases

LT Extension
(km)

Fault Inspection
results (km)

Cause Error (%) Estimated fault resistance (�)

OPT-long OPT-short Ref. [3] Ref. [23] OPT long OPT-short

1 74.4 AG 60.0 AD 7.93 8.06 8.87 5.91 3.2 3.4

BG 54.0 1.61 1.75 5.38 0.40 3.5 3.7

2 105.6 AG 30.0 Fire 1.99 1.33 1.99 0.09 27.3 29.0

3 356.3 AG 127.0 Fire 0.84 0.20 1.71 0.84 17.2 23.2

4 342.7 CG 317.0 AD 0.96 0.50 0.23 5.46 1.8 2.2

CG 55.0 Fire 0.58 1.66 3.65 0.53 23.9 29.8

5 248.4 AG 223.0 AD 1.97 2.62 4.43 4.03 2.2 2.4

ACG 157.0 1.33 0.48 0.93 1.21 0.8 0.9

6 219.2 BG 218.0 AD 0.09 0.50 1.92 0.91 1.3 1.1

Average error (%) 1.92 1.90 3.23 2.15
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Fig. 14 Estimated fault resistance—evolution

Although the simulated cases resulted in smaller errors
for the long line model, the same did not occur for the real
cases, where the mean errors were similar with 1.90% for
the short line model and 1.92% for the long line model.
The average error presented by methods proposed in [3]
and [23] was of 3.23 and 2.15%, respectively. Differences
observedwith regard to the results of simulated data, inwhich
the long line algorithm had a better performance, were not
repeated in real cases. Possibly the combination of errors due
to errors in the line parameters, non-transposition, errors of
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Fig. 15 Estimated values for fault resistance—simulations for 20 and
100 �

the potential and current transformers had an influence on the
algorithms’ responses, reducing the differences between the
results. However, the values obtained demonstrate the via-
bility of the application of the algorithms proposed to real
short-circuit cases.

In relation to the fault resistance value, it can be observed
that small values are associated with atmospheric discharge,
and average values of approximately 25� are associatedwith
fires. To obtain a more conclusive answer for the agent that
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caused the short circuit and the fault resistance value, more
tests are required.

For fault location methods that apply phasors of two line
terminals in practical cases, estimations that present error up
to 2% of the line extension are considered good. This value
is based on the experience of engineers who work with fault
location. Therefore, the method proposed led to good results
for most analyzed cases of Table 4.

6 Conclusions

This study presented an algorithm for the fault location and
determination of fault resistance in transmission lines. In
the detection step, the db4 SWT is used and with its detail
coefficients dC1, Parseval’s energy is calculated. In the clas-
sification step, a neural network is used, where the inputs are
the voltage and current phasor moduli of the analyzed event
whose topography was defined after a series of tests. The
observations indicate the correct classification for the real
cases tested even though the network was trained with short-
circuit files from a transmission line simulated in the ATP. In
the fault location and determination of fault resistance, the
ellipsoid optimization algorithm was applied to the selected
OF based on the fault type, which proved to be fast and stable.

For the short line model, data simulated in the ATP were
applied with an average error smaller than 1.5% for the 200-
km line with the estimation of the distance and resistance of
the fault. For the long linemodel, the average error was lower
than 0.5%. When applied to real cases, the average errors
obtained with the two line models were similar and slightly
lower than those presented with the classic algorithm [23],
with the mean value lower than 2%, thus demonstrating its
viability for practical applications. The estimated fault resis-
tance values in real cases can be associated with their cause,
which in the cases presented were atmospheric discharge and
fire; however, a larger database is still necessary for more
conclusive analyses.
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