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ABSTRACT In power systems, it is challenging to identify the faulty line and fault distance when compen-
sating devices are present in the system. This work presents a fault locator using an Adaptive-Network-based
Fuzzy Inference System (ANFIS) that accurately estimates the fault location on a compensated line in
conjunctionwith an active power differential-based backup protection algorithm for faulty line identification.
Both the faulty line identification algorithm and the ANFIS-based fault locator utilise the positive and
negative sequence voltage and current phasors generated by the Phasor Measurement units (PMUs) placed
in the system. The ANFIS-based fault locator is trained and tested using the simulated fault data obtained
with a MATLAB Simulink model of a modified WSCC 9 bus system. The training data is generated by
varying the fault distance in steps of 10 km. The line-to-line resistance (Rf) of 0.01 �, 0.1 � & 1 �, and the
line-to-ground resistance (Rg) 1 �, 10 � & 100 � are used with different types of faults (LG, LLG, LLLG,
LL& LLL) for training. Two ANFIS structures are trained for the fault distance estimation in compensated
line - one for Static Synchronous Compensator (STATCOM) and the other for Static Synchronous Series
Compensator (SSSC). Simulation results show the fault locator estimates the fault location accurately with
a 5% tolerance in all the fault conditions simulated.

INDEX TERMS Active power differential, ANFIS, compensated line, fault location, hierarchial, STATCOM,
SSSC, WAMS.

I. INTRODUCTION
To fix problems when a fault in a power transmission system
arises, the location of the fault must have been identified. The
power system problems with the highest likelihood of hap-
pening are transmission line faults. It is possible to locate the
fault using the variation in voltage and currents at the moment
the issue occurred. The impedance that the distance relays
detect helps to calculate the fault distances. The location of
the fault can be estimated using the mathematical models of
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the transmission lines. However, modelling becomes more
challenging when compensating devices are involved, and
fault location identification is accurate only if the behaviour
of the compensating device under various operating condi-
tions is effectively modelled.

The introduction of compensating devices in a transmis-
sion line can cause maloperation of the protection schemes
and erroneous fault distance estimation. When the device is
included in the fault loop, it affects the apparent impedance
seen by the distance relay causing its maloperation. The
type of the compensating device has also an effect on the
apparent impedance seen by the relay and trip boundary.
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A backup protection scheme based on the magnitudes and
angles of positive and negative sequence voltages and cur-
rents is found more effective in the presence of series com-
pensation [1]. Modification of line impedance seen by the
existing relay [2] by estimating the voltage across the series
compensation device can improve reliability. Spectral energy
calculations based differential protection scheme using the
Discrete Wavelet Transform (DWT) technique are proposed
in [3] for lines with Static Var Compensator (SVC). Fault
detection in Fixed Series Capacitor (FSC) compensated lines
can be achieved using differential admittance [4]. Sequence
and superimposed components-based logic can be used for
fault detection in the presence of Unified Power Flow Con-
troller (UPFC) compensated lines [5], [6]. Impedance-based
techniques and differential apparent power-based techniques
are also developed to avoid the malfunctioning of relays in
the presence of UPFC [7], [8], [9]. But these algorithms
developed for compensated systems have considered only
one type of device and its effects. They are not generalised
algorithms but device-specific ones.

In fault location estimation, both mathematical techniques
and computational intelligence techniques can be used for
compensated and non-compensated transmission lines. The
latter has the benefit that the fault detection or location
estimation algorithm can be created without the necessity
of a mathematical model of the system. In [10] and [11],
a fuzzy system is utilised to identify the fault section and
identify the defective phase using the current signals that have
been wavelet-decomposed. The dc component and normal-
ized peaks of the fundamental voltage and current are pro-
vided to the fuzzy-based fault locator and classifier in [12].
Reference [13] uses positive sequence impedance value fed
to fuzzy inference scheme for fault location identification.
Reference [14] employs wavelet transform to extract the
features from transient fault current signals and a Gener-
alised Neural Network (GNN) to identify the fault location.
Artificial Neural Network (ANN)-based fault detector and
locator with the magnitudes of voltage and current signals
as input is presented in [15]. Wavelet Packet-ANN-based
fault location technique utilizing the energy and entropy
of current and voltage signals is described in [16]. The
peak values of the post-fault fundamental components of
voltages and currents are selected in [17] using extended
Kalman filtering and Radial Basis Function Neural Net-
work (RBFNN) is used for fault location and classification.
Change in energy and standard deviation of fault current
and voltage is calculated using HS transform and fed to an
RBFNN to locate and classify the fault in [18]. Wavelet-
based feature extraction and ANN-based fault location are
presented in [19], [20], [21], [22], [23], [24], [25], and [26].
Reference [27] solves the fault location problem with the
support vector regression method using the features extracted
with the help of the stationary wavelet transform and deter-
minant function feature. In [28], [29], [30], and [31] Sup-
port Vector Machine (SVM) based fault location methods
are proposed. Energy coefficients of current signals [28],

post-fault current signals and firing angle [29] or high-
frequency contents of voltages and currents [30] can be used
for the fault location estimation. ANFIS-based fault distance
identification is presented in [32], [33], [34], [35], [36],
[37], [38], and [39]. Three-line impedances are fed to
an ANFIS-based fault locator to identify a single line to
ground fault, in [32]. In [33] line impedance, measured
from a single end, and the apparent impedance of SSSC,
measured at terminals are utilized for fault location in an
SSSC-compensated line. In [34] current signals from both
ends are processed using wavelet transform and sixth-level
Multiresolution Analysis (MRA) coefficients are fed to an
ANFIS-based locator to estimate the fault location. Refer-
ence [35] uses wavelet transform and ANFIS to estimate
fault location in parallel transmission lines. Reference [36]
attempts fault location in transmission systems including
underground cables using ANFIS. Reference [37] ANFIS-
based fault location of series compensated lines usingwavelet
transform. Reference [38] employs FIS and ANFIS along
with the wavelet MRA technic. Reference [39] fault location
estimated using ANFIS with dc components frequency of
voltage and current signals and phase angle between voltage
and current.

On reviewing the literature on the fault location techniques
in compensated lines, the following points are observed.
In the voltage or current signal-based methods, different fre-
quency components are required to be extracted which makes
the computation complex. The impedance-based methods
are simple compared to voltage or current-based methods.
Variations of positive sequence impedance is utilised in most
of the works for fault location estimation. For compensated
lines, the variation of both positive and negative sequence
impedance can be utilised to improve the accuracy of the
estimation. Travelling wave-based methods are also used
for faulty identification. But these methods require a high
sampling rate. The computational intelligence methods are
more suitable for compensated lines as they do not require
the mathematical models of the compensating devices. With
proper training, intelligent systems can accurately identify the
faulty line and fault type or estimate the fault location.

This work attempts to develop an ANFIS-based fault loca-
tor that estimates the fault distance in a compensated line
when it is identified as a faulty line. The ANFIS model has
both numerical and linguistic knowledge. ANFIS-based fault
location estimator does not require a mathematical model of
the system, high sampling rates or the extraction of different
frequency components for the estimation of fault distance.
It requires comparatively a smaller number of data sets for
the training process compared to other intelligent systems
like ANN to give better results. It can be trained to pro-
duce accurate results, even without much expert knowledge.
Conventional Fuzzy Inference System (FIS) needs expert
knowledge to decide the membership function parameters to
get the required results. ANFIS can construct a FIS whose
membership function parameters are decided by the neural
network part of the ANFIS using the training data set. It has
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FIGURE 1. ANFIS based fault locator with hierarchical active power differential signal based faulty line identification algorithm using WAMS data.

the advantages of adaptation capability, nonlinear ability,
and rapid learning capacity. A generalized backup protection
scheme based on Wide Area Measurement System (WAMS)
data that utilizes the power differential values of the lines is
used for faulty line identification [40], [41]. The algorithm
first identifies the buses near a fault with sequence compo-
nents of bus voltages and then uses the hierarchial magnitudes
of differential active power signals to identify the faulty line.
This algorithm has the advantage that it reliably identifies the
faulty line in a system containing series or shunt-compensated
lines. The ANFIS-based fault locator calculates the positive
and negative sequence impedance of a line with the voltage
and current phasors received from phasor measurement units
(PMUs) placed in different substations [42]. It estimates
the fault location in a STATCOM or SSSC compensated
line using the magnitude and phase angle of the sequence
impedances thus calculated. To verify the performance of the
proposed fault locator, amodifiedWSCC9 bus system is built
in the MATLAB/Simulink environment and different fault
scenarios are created to get the data for training and testing.
The real-world fault data (here the fundamental phasors of
voltage and current) derived by the PMUs are noise free due
to the inbuilt signal processing units. So the simulated fault
data and the actual PMU data can be considered equivalent
for the verification purpose. The key strategies employed in
the fault location method presented in this work are

1. The algorithm for faulty line identification is a gen-
eralised backup protection algorithm that uses active power
differential values to identify the faulty line. It can reli-
ably identify the faulty line irrespective of the compensation
device used in the system.

2. For the fault locator part, two separate ANFISmodels are
trained one for STATCOM and the other for SSSC so that a
suitable model can be selected according to the actual device
present in the line.

3. The ANFIS models are trained using 1450 training data
sets generatedwith different combinations of fault types, fault
resistances, fault distances and pre-fault loading.

4. The models are tested using 250 testing data sets which
are generated with different combinations of fault conditions
with values different from those in the training data set.

5. In all the test and training cases themaximumpercentage
error obtained is within 5 %.

The remaining sections of this paper are arranged as fol-
lows. Section II of this article provides the details of the pro-
posed fault locator. Section III discusses the training details
of the fault locator. The results obtained and the conclusion
is presented in section IV and V.

II. PROPOSED ANFIS-BASED FAULT LOCATOR BASED ON
WAMS DATA
The proposed ANFIS-based fault locator operates along with
the hierarchial active power differential signal-based faulty
line identification algorithm. The faulty line identification
algorithm and the fault locator do not require the mathemati-
cal model of the compensating device or line. The algorithm
identifies the faulty line with the help of sequence compo-
nents of bus voltages and line currents and active power
differential signals calculated utilizing the voltage and current
phasor details obtained from WAMS data. After identify-
ing the faulty line, the ANFIS-based fault locator estimates
the fault distance using the positive and negative sequence
impedance magnitudes and angles. the overall block diagram
of the fault location estimation process is shown in Fig.1.

A. HIERARCHICAL ACTIVE POWER DIFFERENTIAL SIGNAL
BASED ALGORITHM TO IDENTIFY THE FAULTY LINE
The faulty line identification algorithm collects the volt-
age and current phasors from all the substations in an area
and identifies the faulty bus using the positive and nega-
tive sequence bus voltage magnitudes. When an unbalanced
fault occurs in the system, the faulty bus is identified using
the negative sequence bus voltage components, and when a
balanced fault occurs, the faulty bus is identified using the
positive sequence bus voltage components. Then it identi-
fies the faulty line using the active power differential values
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calculated for the lines connected to the faulty bus. The
differential real power in a line and superimposed real power
components of the line ends are used to confirm the faulty
state of the line. The steps to be followed in theWAMS-based
hierarchical active power differential algorithm are given
below

Step 1: Collect the time-synchronized bus voltages and line
currents from all the substations.

Step 2: Calculate the sequence components of all bus
voltages.

Step 3: If the negative or zero sequence voltage component
of any of the buses in the system is greater than the set
threshold value, an unsymmetrical fault is suspected to have
occurred in the system. Sort the buses in the descending order
of the negative sequence bus voltage magnitude and identify
the bus at the top of the sorted list as the faulty bus. ie,

|V⃗b2| ≤ K2VN (1)

or

|V⃗b0| ≤ K0VN (2)

where V⃗b2 and V⃗b0 are the negative and zero sequence compo-
nents of bth bus respectively in a B-bus system and VN is the
rated voltage magnitude of the bus, K2VN and K0VN are the
thresholds whose values are selected such that all unbalanced
faults in the system can be detected reliably.

Step 4: If the positive sequence voltage component of
any of the buses in the system is less than the set threshold
value, a symmetrical fault is suspected to have occurred in the
system. Sort the buses in the ascending order of the positive
sequence bus voltage magnitude and identify the bus at the
top of the sorted list as the faulty bus.ie,

|V⃗b1| ≥ K1VN (3)

where V⃗b1 is the positive sequence component of bth bus,
VN is the rated voltage magnitude of the bus, and K1VN is
the threshold whose value is selected such that all balanced
faults in the system can be detected.

Step 5: Generate relaying signals R = Pd /Pr for each line
connected to the bus, where Pd and Pr are the difference and
average of the active power at terminal 1 and terminal 2 of a
line. ie,

R =
Pd
Pr

(4)

Pd = |Pterminal1 − Pterminal2| (5)

Pr =
(|Pterminal1| + |Pterminal2|)

2
(6)

For normal operation, these relaying signals will have
negligible magnitudes.

Step 6: Identify the faulty line using the hierarchical order
of the magnitudes of the relaying signal R calculated for the
lines connected to the identified faulty bus and confirm it after
checking the following conditions.

a. the magnitude of differential power, |Pd |, is greater than
a set threshold value. This indicates an abnormal power drop
in the line due to a fault.

b. the magnitude of superimposed power components, Ps,
(difference in power calculated for consecutive cycles) in the
line is greater than a set threshold value, PsT . This indicates
a sudden change in the system, like a fault.

Ps = Pnthcycle − P(n1)thcycle (7)

c. the value of the relaying signal falls in the internal fault
region of the relay characteristics.

FIGURE 2. Flow chart of faulty line identification algorithm.

This algorithm is a generalised algorithm that effectively
identifies the faulty line in both series and shunt-compensated
systems. Fig. 2 shows the flow chart representation of the
algorithm. Once the faulty line is identified, the proposed
ANFIS-based fault locator identifies the fault distance.

In this study K2 and K0 are set as 0.1 pu, K1 is set as 0.6 pu
and PsT as 0.05 pu

B. EFFECT OF STATCOM AND SSSC ON POWER FLOW IN
FAULTY LINE
The presence of compensating device in line affects the power
flow during fault. The variation in power flow for diffrent
type of fault and fault distance is plotted for the compen-
sated line 7-8. Fig. 3 shows the plots showing the effect
of a STATCOM (shunt compensator) and a SSSC (series
compensator). The effective impedance of the line is altered
by the compensating action of the device. In both cases of
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FIGURE 3. Power flow during differnt faults with different fault distances
in a compensated line with STATTCOM and SSSC.

STATCOM and SSSC effective line impedance changes but
as the SSSC is a series device its effect is more on the
effective line impedance change. The impedance variation
depends on the fault location, fault type and the location of the
device. A properly trained intelligent fault locator based on
the ANFIS can be developed that identifies the fault location
when the efffective impedance variations are fed to it. In this
paper the positive and negative impedance variations, with
the compensating device at the midpoint of the line, are used
for training the fault locator. Being an intelligent system
ANFIS-based fault locator does not require the mathematical
models of the devices. It learns the behavior of the compen-
sator during fault from the training data presented to it. Here
the compensating device is placed at the midpoint of the line
ie, 100 km from terminal 7. It can be observed the power
flow during fault conditions suddenly varies from the pattern
followed when the fault distance is greater than 100km in the
case of SSSC. When the SSSC is included in the fault loop,
its effect on line impedance and hence on the power flow is
more compared to that of STATCOM. This affects the ANFIS
performance in learning the exact relationship between fault
distance and impedance. So the accuracy of fault distance
estimation is lower in the case of SSSC compared to that of
STATCOM.

C. ANFIS-BASED FAULT LOCATOR
ANFIS combines the advantages of fuzzy inference meth-
ods and artificial neural networks (ANN). Its advantages
include quick learning potential, nonlinearity, and adaptabil-
ity. The learning process employs a hybrid or backpropaga-
tion method to reduce the difference between the observed
and anticipated output.

FIGURE 4. ANFIS Model for the fault locator.

ANFIS has the linguistic capabilities of a fuzzy system
along with the learning and parallel computation capabilities
of neural networks. ANFIS has a structure with 6 layers,
viz, an input layer, fuzzification layer, rule layer, normal-
ization layer, defuzzification layer, and summation layer.
In the fuzzification layer, the input values are fuzzified using
activation functions. The normalization layer calculates the
normalized firing strength of the rules obtained from the rule
layer, and the defuzzification layer calculates the weighted
consequent value of a particular rule. The final ANFIS output
is produced by the summation layer as the sum of all the
defuzzification neurons’ outputs. Any nonlinear and difficult
problem can be solved with high accuracy by an ANFIS that
has been properly developed and trained. The fault classifi-
cation and fault location in compensated power systems can
be done using ANFIS models. The proposed fault locator
is an ANFIS structure of Sugeno type (Fig. 4). The fault
locator can be used with the WAMS-based hierarchial active
power differential algorithm for fault location estimation in a
system with series or shunt-compensated line. The input of
the fault locator are the magnitudes and angles of positive
and negative sequence impedance of the line. The output
of the fault locator is the fault location in km, measured
from one terminal of the compensated line. Each input has
five membership functions connected to it. The membership
function employed is the gaussmf (Fig. 5). Data relating to
various fault locations and fault resistances for all types of
faults are used to train the ANFIS fault locator model. The
training uses the hybrid learning approach.

The input and output data of the fault locator are shown in
Table 1.

III. TRAINING DATA GENERATION FOR THE
ANFIS-BASED FAULT LOCATOR
A modified WSCC 9-bus network is modelled in the
MATLAB/Simulink environment by including the FACTS
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FIGURE 5. Input membership functions of type gaussmf.

TABLE 1. Fault locator input and output.

FIGURE 6. Modified WSCC 9 Bus system - single line diagram including
FACTS device at the midpoint of line connected between bus 7 and bus 8.

TABLE 2. Various fault scenarios created for fault data generation.

FIGURE 7. Variation of magnitudes of (a) positive sequence (b) negative
sequence and (c) zero-sequence bus voltages for an LG fault at t=2s near
Bus 8 in line 7-8.

compensating device on line 7-8 (200 km long), as shown
in Fig. 6. To generate the training data set, different fault

FIGURE 8. Variation of magnitudes of (a) positive sequence (b) negative
sequence and (c) zero-sequence bus voltages for an LLL fault at t=2s near
Bus 9 in line 8-9.

FIGURE 9. Variation of (a) Pxy , and (b) Pxys for an LG fault in Line 7-8
near bus 8.

FIGURE 10. Variation of Rxy for various lines (R78, R89, R96, R64, R45,
R57) for (a) an LLLG fault near bus 8 and (b) an LLG fault near bus 7 at
t= 2s on line 7-8.

FIGURE 11. ANFIS training Error for (a) STATCOM compensated line
(b) SSSC compensated line.

scenarios are created in line 7-8 at every 10 km, with fault
resistances of 1 �, 10 �, and 100 �. The pre-fault loadings
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FIGURE 12. Surface view of input-output relation for ANFIS fault locator
model for SSSC compensated line (a) output (fault location) vs positive
sequence impedance magnitude (input1) and angle (input2) (b) output
(fault location) vs negative sequence impedance magnitude (input3) and
angle the(input4).

TABLE 3. Effect of fault location on the fault locator output and
percentage error.

considered are 0.2 pu and 0.9 pu. 1450 training data sets are
generated using the simulation of the network.

TABLE 4. Effect of fault resistance on the fault locator output and
percentage error.

The fault conditions selected for data set generation are
shown in Table 2
For both the SSSC and STATCOM cases, the magnitudes

of the positive and negative sequence impedances and their
angles are measured at the line end close to bus 7, and these
values serve as the inputs to the fault locator.

IV. RESULTS
The faulty line identification algorithm is tested for different
fault cases like LG, LLG, LLLG, LL and LLL in different
lines by varying fault distances and line loading. In all cases
the algorithm successfully identifies the faulty line.

The variation of bus voltages magnitudes during a bal-
anced and unbalanced faults are shown in Fig. 7 and Fig. 8
respectively.

Variation of active power Pxy and superimposed power
components Pxys at the line ends near bus 7 and bus 8 are
shown in Fig. 9. The variation of relaying signals Rxy calcu-
lated for the different lines are shown for two different cases
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TABLE 5. Effect of pre fault loading on the fault locator output and
percentage error.

in Fig. 10. The magnitude of relaing signal of the faulty line
is highest in both cases.

The fault locator model is trained by utilizing input-output
data sets gathered during the simulation of various fault
scenarios. For the training of the ANFIS fault locator, the
hybrid learning approach is chosen. The membership func-
tion selected is gaussmf. The STATCOM fault locator and
SSSC fault locator parts are trained separately to learn the
input-output relation. 625 rules for the STATCOM part and
1296 rules for the SSSC part are created by the ANFIS model
itself during the learning process. Training error is converged
to 0.54 in 194 epochs for the STATCOM part and to 2.65 in
100 epochs for the SSSC part (Fig. 11). The average error
obtained for the former is 0.62 and for the latter is 2.93.
The surface views of input-output relationships formed by the
fault locator are shown in Fig. 12.

Testing of the fault locator is done using input-output data
sets generated by varying one of the parameters like fault
distance, fault resistance, pre-fault loading or fault inception
angle, keeping other parameters constant. 250 data sets are

TABLE 6. Effect of fault inception angle on the fault locator output and
percentage error.

generated for the testing purpose which were not used for the
training purpose.

The performance of the fault locator is consolidated in
Table 3 to 6. Table 3 is the results obtained by varying
the fault distance keeping the fault type, fault resistance,
pre-fault loading, and fault inception angle random. It is
found from Table 3 that the results are more accurate for
the STATCOM module of the fault locator and the error
is comparatively higher for the SSSC module. A worst-
case difference of around 8 km is obtained in some cases.
For long lines, the error is negligible considering the
total length of the line. The percentage error is found
as follows

% Error =
|Lf ,actual − Lf ,output |

Lline
x100 (8)

where Lf ,ctual is the actual fault location, Lf ,output is the fault
locator output and Lline is the line length.

The variation of error is shown in Fig. 13. For practical
purposes the maximum percentage error of less than 5%
obtained is acceptable.
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FIGURE 13. Effect of distance on the fault locator performance.

FIGURE 14. Effect of fault resistance on the fault locator performance.

Table 4 shows the variation of the error with fault resis-
tance for different types of faults created at a distance of
50 km and 150 km from bus 7. Here fault inception angle
and pre-fault loading were kept constant. Fig. 14 is the
graphical representation of the result. The percentage error
is below 5% in all cases. Variation of the error with pre-fault
loading is consolidated in Table 5. Fault inception angle and
fault resistance are kept constant in this case. The Maximum
percentage error obtained is 2.5%. Table 6 shows the variation
in the error with fault inception angle while fault resistance
and pre-fault loading is kept constant. The fault inception
angle has no effect on the error and the error is below 1.5%.
Fig. 15 and Fig. 16 depict the results shown in Table 5 and
Table 6 respectively.
Comparing the proposed fault location method with

model-free techniques available in the literature the fol-
lowing points are highlighted- [12], [13], [16], and [19]
use fuzzy-based or ANN-based fault location estimation for
uncompensated lines. Input quantities in [12] and [13] are
positive sequence impedance and fundamental frequency
components of voltage and current respectively with reported
accuracy of 95% and 92%. References [16] and [19]

FIGURE 15. Effect of prefault loading on the fault locator performance.

FIGURE 16. Effect of fault inception angle on the fault locator
performance.

utilises the statistical features extracted from current and
voltage signals using wavelet decomposition techniques.
Reference [16] has 90% accuracy and [19] has 95% accu-
racy. References [43], [44], [45], [46], [47], [48], [49], [50],
and [51] are fault estimation techniques for FACTS com-
pensated lines. They use frequency transform techniques to
extract the required details and an intelligent tool to estimate
the fault location in shunt (STATCOM), series (TCSC/SSSC)
and UPFC compensated lines (Table 7). All these techniques
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TABLE 7. Comparison with the proposed method and other methods.

have more than 98% accuracy. But they need frequency
details extraction from voltage and current signals. The main
advantage of the proposed technique is that it needs only
fundamental frequency components of voltage and current
signals which are obtained from the PMUs placed in sub-
stations. So, it requires less computational requirements.
Also, ANFIS can be trained with a smaller number of
datasets to produce sufficiently accurate results compared
to other intelligent tools. The proposed fault location tech-
nique is suitable for both shunt and series compensated lines.
It gives more than 98% accuracy in STATCOM-compensated
lines and more than 95% accuracy in SSSC-compensated
lines.

V. CONCLUSION
AnANFIS - based fault locator acting in conjunction with the
hierarchial active power differential-based faulty line identi-
fication algorithm utilizing the WAMS data is investigated
in this paper. The faulty line identification algorithm suc-
cessfully identifies the faulty line using the sequence voltage
phasors and active power differential-based relaying signals
of the suspected lines. As the algorithm uses the active power
differential signals, it is effective in identifying the faulty
line in both shunt and series compensated systems. The fault
locator uses the magnitude and angle of the positive and nega-
tive sequence impedances. During training, ANFIS networks
develop the rules for estimating the fault location using their
learning capabilities. The Simulation results show that fault
locators based on ANFIS are suitable for locating faults in
compensated lines. It is capable of accurately estimating the
location of the fault with 5% of tolerance. The advantage
of this method is that the fault location estimation requires
only the positive and negative sequence impedance details
calculated using the fundamental components, it does not
require the details of other frequency components, and being

an intelligent system-based method it can system can be
trained to suit both compensated and uncompensated lines.
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