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Accurate Fault Detection and Location in Power Transmission
Line Using Concurrent Neuro Fuzzy Technique
Abstract. In this paper a new approach for the detecting and locating different kinds of faults on power transmission lines using the concurrent neurofuzzy technique (CNF) is introduced. This approach relies on the advantages of combining fuzzy logic (FL) and the artiﬁcial neural network (ANN) to
detect, classify and locate faults on a power transmission line that carries high voltage and very high voltage of 400 kV and 750 kV respectively over
short distance and long distance of 120 km and 600 km respectively. Results exhibit that CNF is capable of detecting several and different fault types
and locations with high accuracy, which will reduce the time for the technical team maintenance to achieve their goals.
Streszczenie. W artykule przedstawiono nowe podejście do wykrywania i lokalizowania różnego rodzaju usterek w liniach elektroenergetycznych przy
użyciu współbieżnej techniki neuro-rozmytej (CNF). Podejście to opiera sie˛ na zaletach połaczenia
˛
logiki rozmytej i sztucznej sieci neuronowej w celu
wykrywania, klasyﬁkowania i lokalizowania usterek w linii elektroenergetycznej, która przenosi wysokie napiecie
˛
i bardzo wysokie napiecie
˛
odpowiednio
400 kV i 750 kV w krótkim czasie odległość i długa odległość odpowiednio 120 km i 600 km. Wyniki pokazuja,
˛ że CNF jest w stanie wykryć kilka różnych
typów usterek i lokalizacji z duża˛ dokładnościa,
˛ co skróci czas potrzebny zespołowi technicznemu na osiagni
˛ ecie
˛
celów. (Precyzyjne wykrywanie i
lokalizowanie usterek w linii przesyłowej energii przy użyciu równoległej techniki neuro-rozmytej)
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Introduction
The ﬁrst AC power transmission line system was initially
introduced in the year 1889 in the United States of America
[1]. The ﬁrst electrical transmission line was connected between Oregon city and Portland. This line was characterized
by a line voltage of 4 kV, single phase with a length of 21
km. However, the ﬁrst three-phase system was introduced
and built in Germany in 1891. The transmission line covered
a distance of 179 km at 12 kV[1].
AC power transmission line systems have been researched and improved since it was ﬁrst introduced. Powerful transmission line systems have been implemented and
installed all over the world to meet the ever growing energy
demand over the years. Nowadays, we are able to transmit electrical energy at various distances using modern and
sophisticated power transmission systems. However, these
sophisticated energy transmission systems come with limitations and challenges. Therefore, there is need to continuously monitored and maintained the power transmission lines
in order to eliminate catastrophic breakdown and disruption
of services to the end user costumers[2, 3, 4].
Several techniques and approaches have been developed by various researchers for troubleshooting and detecting faults in transmission power lines. These techniques include discrete Walsh-Hadamard transform, discrete wavelet
transform, naive bayes classiﬁer, hilbert huang transform and
k-means data description method. However, these techniques come with limitations and did not perform optimally
when applied for detecting and locating faults.[5, 6, 7, 8, 9,
10].
In 2020, Aker et al. used wavelet transform and naive
bayes classiﬁer to identify the type of fault that may occur in the shunt compensated static synchronous compensator. The network was designed using Simulink and faults
were applied at disparate zones. The technique decomposed
the obtained waveforms into several levels using Daubechies
mother wavelet and applied naive bayes to classify the faults.
It emerged from this study that the accuracy could be up to
80%. However, only fault classiﬁcation was implemented [5].
Earlier in 2019, Kapoor applied a discrete WalshHadamard transform to detect faults and identiﬁed faulty
phase in a three phase transmission line connected with distributed generation. In this technique, the fault data was
recorded using characteristics based on Walsh-Hadamard
coefﬁcients of the current. It emerged from this research that

the method can effectively identify the fault phase [8, 9]. The
same year, Hosein et al. proposed and applied ANFIS technique for detecting faults in smart grids. The currents measured at only one side of a three-phase transmission line is
collected and passed through a signal processing module.
The results obtained are compared against other AI techniques (ANN and SVR). It emerged from this study that the
best accuracy obtained is 87.5% for ANFIS technique which
outperforms SVR and ANN techniques. However, this paper only dealt with faults location and did not propose faults
classiﬁcation. Moreover, only four different fault types were
considered in obtaining the total dataset. The total accuracy
obtained could have been improved on this case studied by
increasing the size of the dataset [11].
As the transmission line grid continuously grows with
the increasing demand on energy, it becomes more complex
and difﬁcult to prevent faults from occurring.Therefore, the
convectional methods of troubleshooting and detecting faults
in transmission lines are becoming inefﬁcient and obsolete.
Thus, the need to develop and implement new techniques
that can accelerate the process of fault detecting and also
ensure a good compatibility of the modern and complex electrical system is necessary [12]. In addition, the current methods of fault detection also suffer from a reliability problem because faults on transmission lines are often non-linear that is
to say, there is no formal causal effect relationship between
the detected fault and its origin. Therefore, these methods
are unable to solve non-linear problems [13].
As a result, it was essential to develop an intelligent system that can predict, detect and locate different fault types.
These fault detection systems use artiﬁcial intelligence techniques.
Power transmission lines are subject to multiple defects
[14, 12, 15]. These faults and defects can be subdivided into
different types of faults such as single line to ground fault
(SLG), double line to ground fault (DLG), triple line fault (TL)
and triple line to ground fault (TLG) [14, 12, 15, 16]. The most
frequent fault that occurs on power transmission lines is the
over-voltage fault, which comes from capricious atmospheric
conditions such as lightning, bush ﬁres and cyclones [17, 18].
These faults have a damaging and hazardous impact on the
transmission lines and the power system in general [17].
Artiﬁcial Intelligence (AI) fault detection techniques have
shown to be more accurate and more promising [19, 20, 21,
22].Researchers have found a more robust approach and so-

PRZEGLAD
˛ ELEKTROTECHNICZNY, ISSN 0033-2097, R. 97 NR 1/2021

37

lution in solving complex problems by using different combinations of these AI techniques [23, 24]. In power transmission lines, fault types are numerous and diverse. Thus,
faults are distinguished based on the meteorological conditions from those of an electrical/mechanical origin, coming
from the production system [16].
Climate change is one of the causes of faults on power
transmission lines. It can affect a cable by accelerating its
ageing process [17, 18]. The use of AI techniques could accelerate the process of detection, classiﬁcation and location
of the faults over long power transmission lines carrying high
voltage electricity. A Concurrent Neuro-Fuzzy method was
used in this experiment because it combines two powerful AI
techniques of fuzzy logic (FL) and neural networks (ANN).
These two methods, FL and ANN, have repeatedly and successfully been used in different ﬁelds of engineering to solve
problems where the traditional and classical methods have
not been able to provide genuine solutions [19, 23].
In 2018, Eboule et al. proposed a fault detection and location algorithm based on concurrent neuro fuzzy. The technique consisted of setting various FL conditions and of using
ANN to process them in order to detect, classify and locate 11
fault types that may occur in transmission lines. It emerged
from this study that the accuracy of an AI system is directly
linked to the number of data sets and the architecture of the
system [2, 4]. However, this paper only dealt with one type of
transmission line and did not take all signiﬁcant transmission
line’s parameters into consideration.
In 2015, Anamika et al. improved the performance of
a transmission line using a fuzzy inference system. The
method consisted of designing three distinct systems respectively for transmission line directional relaying, fault classiﬁcation and fault location schemes using fault current and voltage available at the relay location. It emerged from this study
that the proposed method can efﬁciently detect faults for both
forward and reverse directions [25].
In 2013, Marjan et al. [26] implemented a fault location algorithm that can be used to locate various faults along
mixed line-cable transmission corridors based on the telegraph’s equations. It emerged from this study that the use of
Clarke transformation is powerful when dealing with transient
studies. In 2012, Carlo et al. in [3] used FL to classify various
faults in single and double circuit lines. They concluded that
to improve the yield of their system, FL membership functions have been chosen to have an overlap with each other.
A modiﬁed technique was proposed to increase the accuracy
and the performance of the proposed FL fault detection in
double-circuit was tested using 3000 cases. Early in 2005
Mahmoud et al. studied in [27] a combined overhead line
with underground cable for fault location. The simulation was
done via Matlab and it emerged from this implementation that
the maximum error in the overhead section was 0.21% over
100 km while underground the error was 1.643% over 10 km.
The limitation found in the above literature is that CNF
is not widely used in various engineering ﬁelds. However,
Eboule in [2, 4] introduced the use of the CNF technique for
power transmission line faults detection and location in a limited scale. This paper provides in depth use of CNF technique for power transmission line fault detection and location taking into consideration all signiﬁcant parameters of the
transmission lines and with a bigger data set and information
used in two experiments. The obtained results are compared
to [2] paper results and [4] paper results.
The main objective of this work is to introduce and use
the powerful artiﬁcial intelligence technique called CNF tech-
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nique for the application of power transmission line fault detection and location. This will be achieved by following a welldeﬁned and structured sequential methodological approach
of CNF functions in detecting and locating faults for two distinct power transmission lines. Comparison analysis with the
previous studies will also be investigated to determine the
performance efﬁciency of the proposed CNF technique. The
ﬁrst transmission line is characterized by its voltage of 750 kV
over 600 km distance while the second transmission line has
400 kV over 120 km distance. The impact of this study could
lead to reduced power system and transmission line maintenance cost and time. This will result in sustainable power
delivery to customers and increased grid reliability. This will
increase the income of the company supplier and will help
developing a great business environment which is necessary
to absorb the level of unemployed.
This article put forward four main contributions. The ﬁrst
contribution is the implementation of a new technique (CNF)
to detect, classify and locate power transmission line faults
for high voltage and very high voltage over short and long line
lengths. The second contribution is the application of such a
technique into a system that includes 11 different fault types
and take all signiﬁcant power transmission line parameters
into consideration and compare the obtained experimental
results. Knowing that this concurrent neuro fuzzy technique
has been applied in [23] on surface roughness modelling in
drilling. The third contribution is to investigate if this AI technique could be effectively applied for fault detecting and locating for long transmission lines. Because the application
of the technique in transmission line is still new, thus, the
fourth contribution is to demonstrate the robustness of the
technique and to make it be common.
This paper is organized as follows. Section 2 introduces the CNF technique, Section 3 describes the experiment setup, Section 4 discusses the experimental results obtained and Section 5 presents the conclusions.

Concurrent neuro fuzzy technique
In these experiments a methodology using CNF that
deals with two tasks of detecting and locating faults on PTLs
is introduced. Two different data sets were used for the two
tasks of locating and identifying the faults. Therefore the CNF
was trained separately twice with each data set.
The concurrent neuro-fuzzy (CNF) technique was introduced by Jang Lin and Lee in 1991. Since then, the CNF
technique has been successfully applied in many ﬁelds and
tasks such as control tasks, data analysis, detection and classiﬁcation. The CNF technique generally represents a set of
two distinct FL and ANN methods used to solve a precise
problem where the FL method determines the rules and ANN
adjusts these rules [23]. FL has been used in many applications. It has been successfully used in exploiting and processing the data in different areas such as image processing,
image recognition in medicine and video surveillance. It has
become apparent that the greatest challenges of this method
is the determination of the rules and the search for the appropriate membership function to reduce the percentage of error
[24, 28, 29]. This allowed for the introduction of the ANN technique in data processing to make the algorithm more efﬁcient
in the assigned task. CNF allows FL and ANN to analyze
the data together and concurrently. Figure 1. presents the
general architecture of the CNF network.
In Layer 1, the obtained data from the post faults are
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Fig. 1. CNF network

Fig. 3. Power transmission line fault location

directly transmitted to the next layer.
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Table 1. Power transmission line parameters.
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Where yi is the output Layer 2, xi is the input Layer
2 which is the X-axis in Figure 2 and a, b are parameters as
follows in Figure 2.

μ

lT = 120 km

Parameters
f (Hz) = 50
R (Ω/km) = 0.01273
L (mH/km) = 0.9337
C (μF/km) = 12.74
θ (degrees) = -2.08, 0, 30, 45
Rf (Ω) = 0.001, 0.01,0.1, 1,
10, 20, 30, 40, 50, 60
f (Hz) = 50
R (Ω/km) = 0.01273
L (mH/km) = 0.9337
C (μF/km) = 12.74
θ (degrees) = -2.08, 0, 30, 45
Rf (Ω) = 0.001, 0.01,0.1, 1,
10, 20, 30, 40, 50, 60

presents how to compute the predicted output of the CNF
network [23].
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y=

μ c 1 ∗ a c 1 ∗ b c 1 + μ c 2 ∗ a c 2 ∗ bc 2
μ c 1 ∗ b c 1 + μ c 2 ∗ bc 2

where, y represents the output of the neuro-fuzzy system and
μck is (k) output of the layer 4.
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Fig. 2. Triangular membership function

In Layer 3, different fuzzy rules are deﬁned. Intersection was implemented by the product operator as shown in
Equation 2.
(3)

yi

(2)

(3)

(3)

(3)

= x1i ∗ x2i ∗ ... ∗ xki

(3)

(3)

Where: yi is the outputs of Layer 3 and xki is the input
of the (k) neuron in Layer 3. In Layer 4, the consequence
of FL rules is represented. CNF uses the probabilistic OR
operation to determine the outputs of each neuron.
(3)

(4)

yi
(4)

(4)

= x1i



(4)

x2i



···



(4)

xki

(4)

Where: yi represents outputs of Layer 4 and xki is the
inputs of the (k) neuron in Layer 4. In Layer 5, a single output
of the neuro-fuzzy system was represented; it is the layer
where defuzziﬁcation takes place. Output is computed by
applying the sum product composite technique. Equation 4

Experiment setup
The experiment was conducted on a three-phase power
transmission line (PTL) as shown in Figure 3 using the line
parameters in Table 1 of the South African main energy supplier (ESKOM Ltd). These PTLs have the same R, L, C
parameters but, the line voltage and the length of the lines
are different. The experiment was simulated using MATLAB/SIMULINK. All 11 faults were set manually using a logical signal to control the fault operation as shown in Figure 4.
the ground and the fault resistances were deﬁned. The sampling frequency for the fault simulator was set at 0.2 to generate each fault sample data. A 2200 data sample (11 faults ×
10 fault resistances × 5 zones × 4 fault angles) were generated and collected from the post-faults (short-circuit voltage
and current) and used for training and testing the CNF network. This sampling frequency corresponds to the rate at
which the system samples its inputs.
At different distance along the line, different fault types
were simulated in terms of fault angles and fault resistances
in order to have all different types of faults with their location
where they occurred on the PTL. The short-circuit voltage
and current were recorded at the beginning of the line and
used as the inputs for the experiments.
Four experiments were conducted, the split percentages
for the two data sets of the fault type and the fault location
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Fig. 5. membership function
Table 2. Different ranges of the membership function

Categories Range
VS
[-1, -0.8]
S
]-0.8, -0.0034]
M
]-0.0034, -0.025]
AV
]-0.0025, -0.002]
H
]0.002, 0.14]
Vh
]0.14, 1]
These conditions were determined as follow:
(6)

N1 = Pna − Pnb
was 70% to train and 30% to test. The experiments were
conducted using successively 550, 1100 and 2200 data as
mentioned in Table 3. The ﬁrst two experiments were for fault
type detection for long and short transmission lines whereas
the third and the fourth experiments were for fault location for
long and short transmission lines.
For the fault detection experiment, the CNF network
shown in Figure 1 with 5 hidden layers were used. In these
experiments, the structure of the CNF method was determined using the standardized data of the post faults. The
computation number of neurons for each layer in the CNF
network follows a certain number of rules such as the number of the inputs, the number of the FL conditions and the
membership function type [2, 30, 33]. Thus, the determination of the most accurate CNF network structure for power
transmission line fault type detection is obtained.
For Layer 1, six neurons were used, these neurons correspond to the required six input variables Va, Vb, Vc, Ia,
Ib, Ic respectively. The six input variables represent the root
mean square (RMS) of the short circuit voltage phase to
ground and the short circuit current across the conductors
A, B and C of the power transmission line. Data were normalized using the following normalization equation.

Xn = 2

X − Xmin
−1
Xmax − Xmin

Where: Xn is the normalized data for each variable, Xmin,
and Xmax are the minimum and the maximum values respectively.
In Layer 1, the output dimension represents the six input variables times the number of faults (6×2200). In Layer
2, three conditions have been established for the CNF algorithm so that the determination of the number of neurons at
this layer corresponds to the number of conditions of the FL
multiplied by the number of inputs data [31, 32]. The number of neurons for Layer 2 is 6×3 = 18 neurons. The output dimension obtained was the number of neuron times the
number of faults (18×2200).
The three required FL conditions are N1 , N2 and N3 .
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N3 = Pnc − Pna

Pn parameters was found as follows:

Fig. 4. Fault breaker-block

(5)

N2 = Pnb − Pnc

(7)
Pna =

Pa
max(Pa ,Pb ,Pc )

Pnb =

Pb
max(Pa ,Pb ,Pc )

Pnc =

Pc
max(Pa ,Pb ,Pc )

where:

(8)

Pa =

Ia
,
Ib

Pb =

Ib
Ic

and

Pc =

Ic
Ia

Ia , Ib and Ic are the post fault currents ﬂowing in the A, B and
C conductors of the transmission lines. The choice applied
in Layer 2 was made according to the membership function
of the data. For this experiment, a triangular membership
function was used as shown in Figure 5, as soon as the the
membership function categories with their values range obtained shown in Table 2.
Where: Very Small (VS ), Small (S), Medium (M), Average (AV ), High (H), Very High (Vh )
In Layer 3, each neuron corresponds to each fault type.
Consequently, eleven neurons were necessary for 11 FL conditions [33]. The output dimension for this layer was obtained
according to the number of FL conditions multiplied by the
total number of data used (11 × 2200). In Layer 4, the number of membership functions is six which corresponds to the
number of neurons.
Consequently, six neurons were necessary. The outputs
of each neuron in this layer were determined by following the
probabilistic OR approach and the dimension of the output in
this layer is 6× 2200. In layer 5, the sum average of centroids
technique was used to determine the output for the CNF network. It can be seen from Equation 8 that only current data
were used to deﬁne and set the fuzziﬁcation rules. Usually
one parameter is used in such experiment to set the FL rules
in order to reduce the experiment computation time and complexity but the increasing of the input variables could reduced
the obtained error [2]. The ﬁnal output dimension obtained
for fault classiﬁcation is 1×2200. The different FL conditions
used to set the CNF technique parameters are given below.
• If N 1 is Vh and N 2 is H and N 3 is VS then SLAG
• If N 1 is VS and N 2 is Vh and N 3 is H then SLBG
• If N 1 is H and N 2 is VS and N 3 is Vh then SLCG
• If N 1 is VS and N 2 is Vh and N 3 is M then DLAB
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to locate faults over power transmission lines. Telegrapher’s
equation converts three phase lines to Clarke’s transformation to determine 0, alpha (α), and beta (β ) variables [2, 34].
The utilization of Clarke’s transformation is recurrent in fault
location because in PTL we have symmetrical and unsymmetrical faults. Three phase power transmission lines are
presented in Figure 3 with a fault which occurs at l distance
from the generation side.
The voltages and currents for the three phase transmission lines are transformed using Clarke’s transformation as
the following:

Implementation
of the P T L

Simulate variousf aults
record the
data
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Fig. 6. Flow chart of the fault detection and classiﬁcation technique
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⎛
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Aα
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l0 , α, β =

(11)
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Fig. 7. Network structure for fault location

• If N 1 is VS and N 2 is H and N 3 isVh then DLBC
• If N 1 is Vh and N 2 is VS and N 3 is S then DLAC
• If N 1 is VS and N 2 is Vh and N 3 is AV then DLABG
• If N 1 is VS and N 2 is S and N 3 isVh then DLBCG
• If N 1 is Vh and N 2 is S and N 3 is S then DLACG
• If N 1 is S and N 2 is S and N 3 is H then TLABC
• If N 1 is S and N 2 is S and N 3 is Vh then TLABCG
Two experiments (experiment 1 and experiment 2) were carried out using CNF network for two transmission lines fault
type detection. Experiment 1 and 2 algorithm is shown in
Figure 6 ﬂow chart. The algorithm steps are explained as
follows:
• Load the ﬁle data
• Extract the input data from the data ﬁle
• If the Extraction is successful, normalize the input data,
else repeat the previous step
• Deﬁne the output data
• Normalize the output data
• Deﬁne the functionality of each neuron in all layers from
layer 1 to layer 5
• If the previous step is successful, initialize weights, else
repeat the previous step
• Determine error in each neuron
• Update weights between different neurons
• Deﬁne the number of epochs
• Train and Test the concurrent neuro-fuzzy structure
For experiments 3 and 4, the structure of CNF for faults
location in both lines is shown in Figure 7.
In these experiments, telegrapher’s equation was used

1
Ai
arctan( )
γi
Bi

where i = 0, α, β
lα and lβ are the two areal modes, l0 is the ground mode. γi ,
Zci , Υi and Zi are determined using the line parameters as
shown in equation 12:
(12)

γi =

Zi Υi ;

Zci =

Zi
;
Υi

Υi = G+jωC;

Zi = R+jωL

R, L, G and C are the lines parameters, the resistance, the inductance, the conductance and the capacitance respectively.
Ai and Bi are determined using the line voltages, the line distance and the line impedance as shown in equations 13 and
14
(13)

Ai = VSi cosh(γi D) − Zci Is sinh(γi D) − VRi

and
(14)

Bi = IRi Zc + VSi sinh(γi D) − Zci Isi cosh(γi D)

An accurate fault location point can be determined by the appropriate mode 0, alpha, and beta. VS is voltage sending,
VR is voltage received, D is total length of the line,
(15)

l(%) =

f (Ai , Bi )
× 100.
D

lα is valid for all types of fault except line to line faults where
the lβ is applied.
The outputs from Layer 1 to Layer 5 have a 2200×6
dimension.
However, after the data were split into
0, α and β variables respectively, the dimension outputs obtained in layer 5 were 600×1, 600×1 and 1000×1.
The CNF algorithm for fault location is programmed by using
Matlab software. Flow chart of the CNF algorithm for faults
location is illustrated in Figure 8 and the proposed algorithm
works as follows:
• Load data
• Deﬁne variable
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Table 4. CNF fault defuzzication output and FL conditions for the
long line at 600 km, Rf = 0.001 Ω, fault angle = -2.0892 ◦ for the
different fault types
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Accuracy

Table 5. CNF fault defuzzication output and FL conditions for the
long line at 48 km, Rf = 0.001Ω, fault angle = -2.0892◦ for the different fault types

Y es
Output

Fig. 8. Flow chart of the fault Location technique

•
•
•
•

Layer 1 normalise input data and forward to Layer 2
Layer 2 divide data to 0, α and β data
Layer 3 apply Clarke’s transformation
Layer 4 determine parameters transmitted (voltage and
current)
• Layer 5 determine output distances
• Initialise weights, Determine error in each neuron
• Update weight in different neurons for each layer
• Deﬁne the number of epochs, Train and Test the system
Most important in error calculation is magnitude [35, 36,
37]. Thus values of error were determined for fault location
using equation 16 .
(16)

Error% =

|Ddesired − Dpredicted |
× 100
D

where Ddesired represents the fault distance desired,
Dpredicted the fault distance is determined using the algorithm and D the total length of the line.
Experiment Results and Discussion
Experimental results show that the best and most accurate results are obtained when using the 2200 data set as
shown in Table 3. For this fault classiﬁcation experiment, the
Table 3. Fault location prediction results.

Number of data
Utilized
550
1100
2200

Error Obtained (%)
Long-line
2.9447
1.4993
0.7693

Short-line
8.5584
4.3775
2.2358

number of neurons that characterize the topology of the CNF
structure was determined according to FL rules. Thus, the
structure of the CNF algorithm for the detection and classiﬁcation of faults was the same for both transmission line short
and long length which is 6-18-11-6-1.
The evaluation error was obtained by summing the various input data which do not satisfy the conditions established
by FL and dividing this sum by the total number of data inputs.
Therefore, the total achieved fault type prediction accuracy is
approximately 97.5% for the long line and 95.6% for the short
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Faults
Type

Defuzziﬁcation
Output

SLAG
SLBG
SLCG
DLAB
DLBC
DLAC
DLABG
DLBCG
DLACG
TLABC
TLABCG

-0.0396
-0.0397
-0.0397
-0.0400
-0.0397
-0.0393
-0.0397
-0.0397
-0.0397
-0.0397
0

FL Conditions

N1

N2

N3

0.8768
-0.9721
N/A
-0.8702
-0.9575
0.9444
-0.9129
-0.9065
0.1468
-0.7468
-0.0926

0.1323
0.8299
-0.8349
0.5883
0.6571
-0.972
0.1811
N/A
0.9216
-0.1301
-0.1203

-0.8655
0.0220
1
-0.0028
0.6146
-0.6818
-0.0024
0.6260
-0.0078
0.0771
0.7723

line .
Table 4 and Table 5 respectively present the long and
the short transmission line different fault types, as well as
the defuzziﬁcation outputs obtained after FL conditions were
applied. The obtained defuzziﬁcation output for DLAB, DLAC,
TLABC and TLABCG are found to be approximately Zero. All
the input variables which do not satisfy the conditions of FL
were considered “Non-Applicable”fault conditions (N/A). The
N/A input variables were used to determine the prediction
accuracy error.
Figure 9 presents the sum of area of all faults which occurs at 600 km, Rf = 0.001 Ω and fault angle of -2.08920 without defuzziﬁcation for the long line and Figure 10 presents the
sum of area of all faults which occurs at 120 km, Rf = 0.001
Ω and fault angle of -2.08920 without defuzziﬁcation for the
short line.
Figures 9 and 10 are unique for each area where faults
may have occurred and could be used to predict either fault
classiﬁcation or fault location. In [2] and [4], the authors
demonstrated that the obtained defuzziﬁcation output which
was tested at 120 km with Rf = 10Ω and a fault angle of
45 degrees shown in Figures 11 and 12 can also be used
in order to classify and locate the exact faults that may have
occurred in a very high voltage transmission line.
For faults location results, the CNF network structure
was considered based on the different parameters obtained
by Clarke’s transformation approach.
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Fig. 9. Sum of faults area for the long line at 600 km, Rf = 0.001 Ω,
fault angle = -2.0892◦

Fig. 12. CNF defuzziﬁcation output fault location for a line that
carry 735 kV over 600 km [2].
Table 6. Desired and Predicted fault location for the Long Transmission Line with Rf = 0.001Ω, fault angle = -2.0892◦

Fault type Location desired Location predicted
600 km 120 km
SLAG
600 km 120 km 599.6826 119.8634
SLBG
599.6826 119.8634
SLCG
599.6832 119.8633
DLAB
599.7918 119.8417
DLBC
599.7912 119.8416
DLAC
599.865 119.8269
DLABG
599.865 119.8269
DLBCG
599.865 119.8269
DLACG
599.865 119.8269
TLABC
599.865 119.8269
TLABCG
599.865 119.8269

Fig. 10. Sum of faults area for the short line at 48 km, Rf = 0.001
Ω, fault angle = -2.0892◦

However, each parameter has been assigned single
neuron thus, the structure of the CNF algorithm for the location of the faults was 6-6-6-6-3. The total achieved prediction accuracy for the long line is approximately 99.2309% for
fault location and 97.77% for the short line. Table 3 presents
various error obtained in respect of a range of data used in
simulation.
Table 6 and Table 7 show the long and the short line
fault type with its location predicted either at 600 km or at
120 km for the long transmission line and at 120 km and 48
km for the short line. Table 8 and Table 9 illustrate the fault
location prediction errors for different locations for long and
short transmission lines respectively with fault resistance of
0.001Ω and fault angle of -2.0892 degrees.
Table 7. Desired and Predicted fault location for the short Transmission with Rf = 0.001Ω, fault angle = -2.0892◦

Fig. 11. CNF defuzziﬁcation output fault classiﬁcation for a line that
carry 735 kV over 600 km [2].

Faults Type Location Desired Location Predicted
120 km
48 km
SLAG
120 km 48 km
119.6137 46.9764
SLBG
119.7531 46.9764
SLCG
119.8531 46.9764
DLAB
119.9431 46.6448
DLBC
119.9431 47.4417
DLAC
119.8713 47.4417
DLABG
119.5144 47.815
DLBCG
119.7144 47.41
DLACG
119.2244 47.82
TLABC
119.7144 47.8032
TLABCG
119.7144 47.8032
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Table 8. Fault location errors for the long transmission line with Rf
= 0.001Ω, fault angle = -2.0892◦

Faults type
SLAG
SLBG
SLCG
DLAB
DLBC
DLAC
DLABG
DLBCG
DLACG
TLABC
TLABCG

600 km
0.05290
0.05291
0.05281
0.03472
0.03470
0.03480
0.02250
0.02249
0.02245
0.02249
0.02249

Prediction Errors (%)
480 km 360 km 240 km
0.01121 0.03045 0.07211
0.01126 0.03042 0.07208
0.01114 0.03052 0.07218
0.00693 0.04860 0.09027
0.00701 0.04862 0.09033
0.00686 0.04853 0.09019
0.01915 0.06084 0.10248
0.01917 0.06084 0.10250
0.01923 0.06089 0.10256
0.01917 0.06084 0.10250
0.01917 0.06084 0.10250

120 km
0.11376
0.11375
0.11385
0.13194
0.13199
0.13187
0.14415
0.14417
0.14422
0.14417
0.14417

Table 9. Fault location errors for the short transmission line with Rf
= 0.001Ω, fault angle = -2.0892◦

Faults type
SLAG
SLBG
SLCG
DLAB
DLBC
DLAC
DLABG
DLBCG
DLACG
TLABC
TLABCG

120 km
0.3219
0.2057
0.1224
0.0474
0.0477
0.1072
0.4046
0.238
0.6463
0.2379
0.2379

Prediction Errors (%)
96 km 72 km 48 km
0.3138 0.2525 0.853
0.3138 0.0916 0.853
0.2425 0.5493 0.853
0.5229 0.1516 0.296
0.2904 0.0302 0.4652
0.49
0.1057 0.4652
0.0977 0.3058 0.1541
0.184 0.1877 0.4916
0.2150 0.5395 0.15
0.025 0.4167 0.164
0.025 0.44
0.164

24 km
0.0949
0.0949
0.3778
0.1376
0.3898
0.1318
0.1376
0.3898
0.4509
0.0475
0.0475

The fault locations errors were determined using equation 16. Comparing these two tables, it can be seen that at
120 km distance in Table 8, the obtained prediction errors
are less than the 120 km distance in Table 9. This could be
because of the nature of the utilized dataset.
The worst case scenario is likely to happen at any time if
one of the fuzzy rules is not respected. For fault classiﬁcation
according to Table 5, the worst case is SLCG, appeared at 48
km with Rf = 0.001 ohm, fault angle = -2.0892 degree. This
problem may occur for some reasons such as, the human
error, the error on your data or/and on the algorithms.
In overall, the fault location algorithm for these two cases
is more accurate for the long transmission line. However,
The study results and ﬁndings clearly show that the proposed
methodology to evaluate the system error is reliable and can
achieve high accuracy which also support the results found
in the previous studies published in [2] and [4].
Conclusion
In this article a novelty technique capable of detecting
and locating faults in power transmission lines using the state
of the art concurrent fuzzy neural network was developed.
This technique was applied on two distinct power transmission lines that carry 750 kV over a length of 600 km for the
long line and 400 kV over a 120 km length for the short line.
The challenge of applying this technique is to get a sufﬁcient amount of dataset and deﬁning FL rules. Thus, the
experiment were carried out using Matlab/Simulink. Postfaults current and voltage were simulated and the obtained
values were used as the data set. The proposed fault detection system algorithm for CNF was designed and tested
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using several faults data sets. Results showed that for both
the fault classiﬁcation and the fault location experiments, the
CNF proposed technique achieve high accuracy for both long
and short lines. However, the highest prediction accuracy of
97.5% for fault type detection and 99.2309% for fault location
from the long line case study was obtained. This can be explained by the fact that the same FL conditions were applied
on both systems and these conditions where determined using only the post-faults data from the long line. Thus, the
experimental classiﬁcation results could be improved by acting on the established conditions such as assigning separate
rules to each power transmission line.
A comparison was made with other studies which investigate similar cases using CNF technique for fault classiﬁcation
and fault location was introduced. The results and ﬁndings
of this experiment supports the ﬁndings for the other studies that CNF could be reliable and would perform well for the
application of fault type classiﬁcation and location on power
transmission lines. It was shown that the defuzziﬁcation output can be used to classify various fault types and to locate
them.
Finally, it can be concluded that the CNF could be used
for fault prediction over three phase power transmission lines.
Predicting fault location and fault type with high accuracy
could minimize the maintenance cost and time. This will increase the power transmission process efﬁciency and reliability. CNF technique can also be tested on even longer
transmission lines than the 600 km length studied, medium
lines and even on multiphase power transmission lines such
as six-phase system. Moreover, the effect of including CT
could be investigated in future studies in order to determine
the inﬂuence of using CT on the classiﬁcation accuracy and
the experimental results.
This CNF technique could be applied in various engineering ﬁelds following the procedure provided. The choice
of parameters or inputs variables depend on the expert and
will inﬂuence the results obtained.
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