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Abstract: This paper deals with the applications of Artificial Intelligence systems to fault detection in
transmission lines. The proposed systems involves Neural Net (NN), Fuzzy Neural (FNN) and Fuzzy
Neural Petri Net (FNPN) to implement relays for protection of TL. MATLAB toolbox has been used
for simulations and generation of fault data to training and test the programs for different faults cases
and different TL location (20%, 80% & 100% of TL length) to implement the relays. Result of
different cases studies are presented and compares among the three implements relays.
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INTRODUCTION

An overhead transmission line is one of the main components in every electric power system. The
transmission line is exposed to the environment and the possibility of experiencing faults on the transmission
line is generally higher than that on the other main components (Tahar Bouthiba, 2004). When fault occurs on
an electrical transmission line, it is very important to detect it in order to make necessary repairs and to restore
power as soon as possible. The application of artificial neural networks (NNs) for protective relaying was
extensively studied in recent years. The history, applications and advantages using NNs in protecting power
systems are summarized in several survey and tutorial papers (M. Kezunovic 1997; R. Aggarwal, Y. Song,
1998).

The output u; of the unit i is expressed by unit i input S:

u=1(S;) @
Where, f(x) is usually, but not necessary the sigmoid function such as:
f(x)=1/(1+exp(-x)) (-00 <x<t+o0) 3)

The outputs of the hidden layer units i are then transmitted to the inputs of next layer units through another
weighted connections. Figure (1) shows the clearly relationship given by Eqn. (1) and Eqn. (2).

The error back-propagation algorithm is one of the most important and widely used learning techniques for
neural networks. The learning rule is known as back-propagation, which is a kind of gradient descent technique
with back error (gradient) propagation.

The object here is to "train" the network to find a way of altering the weights and thresholds so that the
error is to be reached to the minimum. Compare the final output signals with a target signals, total squared error,
E, is produced which is the sum of squared difference between the desired output t, and actual output u;,

EPZI/ZZ(tp —u,)’ @)

Where: t,: target signal of the unit u; at the output layer and uj,: actual output signal of the
unit u; at the output layer.

The weights adjustment could be done by minimizing E, in a gradient descent start at the output unit and the
weight change (Aw;;) work backward to the hidden layers recursively.

The weights are adjusted by:

Wij(t+ 1 ):Wij (t)+AWij (5)

Where: wj(t): is the weight from unit j to unit i at time t, and Awj;: is the weight adjustment.
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The new weight wj;(t+1) is straightforward to the next layer repeatedly.

The proposed schemes have the ability to detect the fault with higher sensitivity.

Recently, artificial intelligence (AI) techniques which include (NNs) and fuzzy logic are called fuzzy neural
network (FNN) have been used worldwide to solve many nonlinear classification problems (Raj K. et al., 1999).
Since each branch has its own individual advantages/disadvantages, for any complex classification task, it is
essential to compare all possible Al techniques and then choose the one most appropriate for solving a specific
problem (Raj K. et al., 1999). Hence, fuzzy neural network (FNN), both fuzzy logic and neural network
combinations have found extensive applications. This approach involves merging fuzzy systems and neural
networks into an integrated system to reap the benefits of both. FNN is an efficient structure capable of learning
from examples.

Petri Nets (PNs) (Tadao Murata 1989) are based on the concept that the relationships between the
components of a system, which exhibits asynchronous and concurrent activities, could by represented by a net.
Petri nets are basically developed for describing and analyzing information flow and they are excellent tools for
modeling asynchronous concurrent systems such as computer systems and manufacturing system, as well as
power system protection. The basic concept of PN incorporated into a traditional FNN is used to organize a
FNPN system to be translated further into a neural nets to adding the learning abilities of NN to the PN. The
new structure of FNPN model is trained by the back-propagation way with multi-layered feed-forward nets of
ANN which makes FPN model.
give appropriate output when input sample is different.

In this paper, a transmission line protection schemes are proposed by using NN, FNN and FNPN for fast
and reliable fault detection.

Neural Network:

The ANN theories have been applied to pattern recognition, pattern classification, learning, optimization,
etc., Rumelhart, et al., (1986) had proposed a neural network technique called Back Propagation (BP) with
multi-layered perceptrons. The technique has been successfully applied to adaptive pattern recognition problem.
The back-propagation approach can also be used in power systems. Some applications have been made in
solving electrical problems such as transient stability (D.J. Sobajic and Y.H. Pao 1989). high impedance fault
detection (A.F. Sultan et al., 1992). fault location in EHV transmission line, fault location estimator for
underground cable, and differential protection of power transformer (Z. Moravej and D.N. Vishwakarma 2003).

The neural network with no feedback connections from one layer to another or to itself is called a
"Feedforward Neural Network". A general node model is given in Figure (1) to illustrate the idealized model
operation.

Activation

Bias B, Function

Input u

nodes

/Neuruni
W,

I

OQutput
Function

Fig. 1: Idealized Neuron Operation.

Defining output of unit j at the previous layer as u;, the activation or total input of unit i at the present layer
can be written as:

Si: ZW'JUJ +eib (1)
i
Where: Wj;: is the weight of the connection from unit j to unit i.

0;y: is the node threshold
(or bias vector).
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Fig. 2: The Structure of FNN.

The gradient descent algorithm gives the following iterative equations for the parameter values (Rong-Jong
Wai, Chia-Chin Chu 2007).

wi(k+1)=w;(k)-1,OE/0w; (10)

Cij(k+1)= Cij(k)-ncé‘E/ﬁcij (1 1)

Sij (k+ 1 )= sij(k)-nsaE/asij (1 2)
Where 7 is the learning rate for each parameter in the system, i=1, 2, ....,nand j=1, 2,..., m

Taking the partial derivative of the error function given by Eqn. (9), gets the following equations:

OE/owi=(Yo-yp) D (13)
OE/0ci=(yo-y,) @ WilXj=Cij)/s’; (14)
OE/0si=(yo-yp) @i Wi(X;-¢;j) /s’ (15)

Hence, the new value of w;, ¢;; & sj after adaptation is equal to:

wi(k+1)=wi(k)-ny (Yo-yp) O; , (16)
Cij(k+1)= Cij(k)'nc(YO'yp) Qi Wi(Xj'Cijg/s3ij (17)
sij(kt1)= s;5(K)ns (Yo-yp) Qi wi(Xj-ciy) /875 (18)

Fuzzy Neural Network:

FNN considered as a special type of neural network (Rong-Jong Wai, Chia-Chin Chu 2007). every layer
and every node have its practical meaning because the FNN has the structure which is based on both fuzzy rules
and inference, figure (2) show the structure of FNN. In the following items each layer will be described:

1. Input Layer: Transmits the input linguistic variables x,, to the output without changed.
2. Hidden Layer I: Membership layer represents the input values with the following Gaussian membership
functions (Rong-Jong Wai, Chia-Chin Chu 2007).

j'=exp(-(xj-cy)*/2s%) (6)
Where c¢;; and s (i=1, 2, ...., n; j=1, 2,..., m), respectively, are the mean and standard deviation of the

Gaussian function in the j" term of the i" input linguistic variable x, to the node of this layer.

3. Hidden Layer II: Rule layer implements the fuzzy inference mechanism, and each node in this layer

multiplies the input signals and outputs the result of the utput of this layer is given as (Rong-Jong Wai, Chia-

Chin Chu 2007).

Qi:Hjn Hji (7)

Where @; represent the i™ output of
rule layer.

4. Output Layer: The nodes in this layer represent output linguistic variables. Each node y,(o=1, ..., N,),
which computes the output as (Rong-Jong Wai, Chia-Chin Chu 2007).
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YOZZimWiO O ®)

The main goal of learning algorithm is to minimize the mean square error function (Rong-Jong Wai, Chia-
Chin Chu 2007).

E=1/2(yo-y,)’ )

Where y, is the actual output and y, is the desired output.

P; is the marking level of j-th input place produced by a triangular mapping function.

The top of the triangular function is centered on the average point of the input values. The length of
triangular base is calculated from the difference between the minimum and maximum values of the input. The
height of the triangle is unity. This process keeps the input of the network within the period [0, 1]. This
generalization of the Petri net will be in full agreement with the two-valued generic version of the Petri net.

P=f(Input(j)) (19)

- Wjis the weight between the i-th transition and the j-th input place;

- Rjis a threshold level associated with the level of marking of the j-th input place and the i-th transition;

- Z;is the activation level of i-th transition and defined as follows (Witold Pedrycz and Fernando Gomide,
1994).

n
Zi _TI[V\/"- S(I‘ij — PJ- )], j=1,2,....,n;i=1, 2,...., hidden (20)
j=

Fuzzy Neural Petri Net:
The structure of the proposed Neural Fuzzy Petri Net is shown in Figure (3). The network has the following
three layers (Witold Pedrycz and Fernando Gomide 1994).

Input Transition Output
Places Places

Fig. 3: The Structure of FNPN.

1-  An input layer composed of n input
places.

2- A transition layer composed of
hidden transitions.

3-  An output layer consisting of m
output places.

The input place is marked by the value of the feature. The transitions act as processing units. The firing
depends on the parameters of transitions, which are the thresholds, and the parameters of the arcs (connections),
which are the weights. The marking of the output place reflects a level of membership of the pattern in the
corresponding class.
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The specifications of the network for a section of the network shown in Figure (4) are as follows (Witold
Pedrycz and Fernando Gomide 1994).

Y

Fig. 4: A section of the net outlines the notations.

The learning process depends on minimizing certain performance index in order to optimize the network
parameters (weights and thresholds). The performance index used is the standard sum of squared errors.

The errors are the difference between the marking levels of the output places and the target values. The
training set (p, t), which is the marking levels of the input places (denoted by p) and the required marking of the
output places (target "t"), are presented to the network in order to optimize the parameters. The performance
index is as follows:

Where f'is a triangular mapping function shown in Figure (5).

L

f(p) 4

> p
Minimum of  average of = maximum of
Input j Input j Inputj

Fig. 5: The triangular mapping function.

1 m
E=— > (t, =Y’ 23)
245

Where:
ty: 1s the k-th target;
Y: is the k-th output.

The updates of the parameters are performed according to the gradient method:

param(iter+1)=param(iter)- &V E (24)

param

Where V param E is a gradient of the performance index E with respect to the network parameters, & is the

learning rate coefficient, and iter is the iteration counter.
The nonlinear function associated with the output place is a standard sigmoid described as:
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1

Y= 25
Y ltexp(->.ZV,) @)

The flow chart of algorithms learning is shown in figure (6).

| Givenan Input & Output Matrices |
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Fig. 6: The Learning Mechanization of the proposed Algorithms.

Where, "T" is a t-norm, "S" denotes an s-norm, while —> stands for an implication operation expressed in
the form:

a—>b=sup{ce[0,1],aTc<b} (2D

Where a, b are the arguments of the implication operator confined to the unit interval. In the case of two-
valued logic, equation (21) returns the same truth value as:

a—b=

{b,if a)b {O,if a=1 and b=0

1, otherwise: 1, otherwise

a,b e [0, 1]

if t-norm is defined as a multiplication operator ( IT ) then
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P, .
—, if 1) p,
rij_)sz ru

1, otherwise

N &, if i) P,
7= ]:!:Wll vV I’”
J_ 1, otherwise

Y is the marking level of the k-th output place produced by the transition layer and performs a nonlinear
mapping of the weighted sum of the activation levels of these transitions (Z;) and the associated connections Vi

No.of Transition

Yo=f( X VgZ),=,2..n (2)

i=
Where "f" is a nonlinear monotonically increasing function between [0, 1].

Proposed Relaying Approach:
of Transmission Line:

The Application of a pattern recognition technique could be useful in discriminating between power system
healthy and/or faulty states. Measured currents at the relay location are subject to change when a fault occurs on
a transmission line. Fault detection principle may be based upon detecting these changes. The principle of
variation of current signals before and after the fault incidence is used and a fast and reliable fault detector
module is designed to detect the fault (M. Sanaye-Pasand, H. Khorashadi 2003). To reduce the impact from the
pre-fault load and only consider the post-fault abrupt variation of current waveforms, a simple signal
preprocessing method is used as follows (M. Sanaye-Pasand, H. Khorashadi 2003).

Ai(k)=i(k) — i(k-n) (26)

Where k represents the sample number at the current measuring point and n represents the number of
samples in one cycle.

Samples of each of the phase currents are compared with the samples of the same phase current taken one
cycle before. By this approach, the pre-fault steady-state components are removed from the observed
measurements. When there is no fault, the obtained current samples from eqn. (26) are close to zero (normal
state). When there is a fault, the fault-generated transient values are observed clearly (M. Sanaye-Pasand, H.
Khorashadi 2003) Eqn. (26) correspond to each phase current signals a, b, and c, respectively. The resultant
three signals are considered as the first three inputs to the designed fault detector module.

Aia(k)=ia(k) — ia(k-n) (27
Aib(k)=ib(k) — ib(k-n) (28)
Aic(k)=ic(k) — ic(k-n) (29)

Extensive studies were performed and it was found that to be able to design a reliable fault detector scheme
which could perform correctly for a wide range of power system parameters and fault conditions, it is better to
add zero and negative sequence components of the three-phase currents (M. Sanaye-Pasand, H. Khorashadi
2003) These two signals are considered as the 4™ and 5™ inputs of the proposed model.

Patterns Generation and Preprocessing:

The simulated power system data obtained through MATLAB simulation model shown in Fig. (7) are used
as the input information to train and test the proposed relays. Network training pattern generation process is
depicted in Fig. (8).

Preprocessing is a useful method which can significantly reduce the size of the network and improve the
performance and speed of training process. Three phase current input signals were processed by simple 2™-
oredr low-pass filter. The filter had a cut-off frequency of 400 Hz which introduces just a small time delay.
Phase current signals are sampled at a rate of 20 samples per cycle and the three inputs of the network are
prepared using equations (27 to 29). To make zero and negative signal inputs of the network, MATLAB three-
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phase sequence analyzer is used to obtain sequence components as the 4™ and 5™ inputs of the proposed model.

Current samples are scaled to normalize to have a maximum value of +1 and a minimum value -1.
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Transmission Line Simulation Model:

A 22 kV power system is simulated using MATLAB with its toolbox simPower system and various types of
faults with different conditions and parameters are modeled. The simulated power system is shown in Figure (7)
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which consists a transmission line of 100 km length subdivided into three parts (20%, 80% and 100%).
Combinations of different fault conditions were considered and training patterns were generated by simulating
different kinds of faults on the power system. The scenario of training and test the proposed approach are
generated during nominal power system operating conditions. Full load, 0.5 full load and 0.25 full load cases are
taken to cover wide range of fault events. Fault type, fault location (i.e. at three parts of line), fault resistance (0,
5Q) and fault inception time were changed to obtain training patterns covering a wide range of different power
system conditions.

-Internal L-L
-Internal symmetrical fault

Fault location at 20% of TL:
Case (1) Full load:
Table (1) explaining the magnitude and time delay of output for NN relay, FNN relay and FNPN relay for
full load case for proposed approaches.
Table (1) shows that the proposed approaches have no output trip for (Normal operation and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNPN-relay has output trip for internal faults cases with time delay (2-4) ms.

Table 1: Results of Simulation for Full Load Case at 20% of TI.

No. Case NNrelay FNNgelay FNPNrgelay
Rou Time Rou Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0013 - 0.0017 - 0.0011 -
2 Normal with unbalance load 0.0022 - 0 - 0.07 -
3 Normal with Non-linear load 0.0043 - 0.0002 - 0.0006 -
4 External Fault 0.0002 - 0.0006 - 0.0093 -
5 Internal L-G 1 3 0.9999 3 1 2
6 Internal L-L-G 0.9977 4 1 3 0.9995 3
7 Internal symmetrical fault 0.9999 3 1 3 0.9978 3
8 Internal L-L 0.93 4 0.9495 4 0.9979 4

Case (2) 0.5 full load:

Table (2) explaining the magnitude and time delay of output for NN-relay, FNN-relay and FNPN-relay for
0.5 full load case for proposed approaches.

Table (2) shows that the proposed approaches have no output trip for (Normal operation, and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNPN-relay has output trip for internal faults cases with time delay (3-4) ms.

Table 2: Results of Simulation for 0.5 Full Load Case at 20% of TL.

No. Case NNrela FNNRelay FNPNRgeja
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0007 - 0.0001 - 0.0004 -
2 Normal with unbalance load 0.0035 - 0.0012 - 0.0016 -
3 Normal with Non-linear load 0.0019 - 0.0002 - 0.0006 -
4 External Fault 0.0015 - 0.004 - 0.0014 -
5 Internal L-G 0.9979 4 0.9999 3 0.9995 3
6 Internal L-L-G 0.9977 4 1 5 0.9996 3
7 Internal symmetrical fault 0.9988 3 1 3 0.94 4
8 Internal L-L 0.92 5 0.93 4 0.9961 3

Case (3) 0.25 full load:

Table (3) explaining the magnitude and time delay of output for NN relay, FNN relay and FNPN relay for
0.25 full load case for proposed approaches.

Table (3) shows that the proposed approaches have no output trip for (Normal operation, and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNN-relay has output trip for internal faults
Multilayer feed forward networks were chosen to process the prepared input data. Three layer networks were
found to be appropriate for fault detection application. The input layer has 5 inputs with 5 samples per each
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input i.e. number of nodes in input layer 25. The number of nodes in the hidden layer is selected to be suitable in
the network and the output layer consists of only one node, which has value 1 if fault occurs to indicate tripping
or 0 for no fault. The networks were trained by using Back-Propagation algorithm as shown in the
mechanization of learning in Figure (6).
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Fig. 9: Relay Output for Internal L-G Fault for Full Load Case at 20% of TL.

The data of training and testing the proposed approaches are generated during nominal power system
operating conditions by using MATLAB simulation software. Full load, 0.5 full load and 0.25 full load cases are
taken to cover diversity of fault event. The types of faults which are simulated for three locations at TL (i.e. at
20%, 80% & 100% of TL length) are including:

-Normal operation

-Normal with unbalance load

-Normal with non-linear load

-External fault

-Internal L-G

-Internal L-L-G

FNPN-relay has output trip for internal faults cases with time delay (3-4) ms.

Case (3) 0.25 full load:

Table (6) explaining the magnitude and time delay of output for NN relay, FNN relay and FNPN relay for
0.25 full load case for proposed approaches.

Table (6) shows that the proposed approaches have no output trip for (Normal operation and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNPN-relay has output trip for internal faults cases with time delay (3-5) ms.
Example of fault occurs at 80% of TL is Internal L-L-G fault shown in Fig. (10), an Internal L-L-G fault (2-
phase A-B-G) at 0.5 full load occurs at t=16ms, as seen from Fig. (10), NN-relay detect the fault after 1ms (i.e.
at t=17ms) and output trip after 2ms (i.e. at t=18ms). FNN-relay FNPN-relay are both detect the fault at t=16ms)
and output trip after Ims of fault occur (i.e. at t=17ms), hence FNN-relay and FNPN-relay were gives output
trip faster than NN-relay.

Table 3: Results of Simulation for 0.25 Full Load Case at 20% of TL.

No. Case NNRgela FNNRgelay FNPNRela
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0025 - 0.0001 - 0.0008 -
2 Normal with unbalance load 0.0054 - 0.0011 - 0.0013 -
3 Normal with Non-linear load 0.0005 - 0.0002 - 0.007 -
4 External Fault 0.0075 - 0.0003 - 0.0086 -
5 Internal L-G 0.998 4 0.995 4 0.9996 4
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6 Internal L-L-G 0.985 5 1 3 0.9994 3
7 Internal symmetrical fault 0.96 3 0.9999 3 0.9988 3
8 Internal L-L 0.9997 4 0.97 3 0.9995 3

Fault location at 100% of TL:
Case (1) Full load:

Table (7) explaining the magnitude and time delay of output for NN relay, FNN relay and FNPN relay for
full load case for proposed approaches.
Table (7) shows that the proposed approaches have no output trip for (Normal operation and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNPN-relay has output trip for internal faults cases with time delay (2-3) ms.
cases with time delay (3-4) ms. FNPN-relay has output trip for internal faults cases with time delay (3-4) ms.
Example of fault occurs at 20% of TL is Internal L-G fault shown in Fig. (9), an Internal L-G fault (1-phase A-
G) at full load occurs at t=10ms, as seen from Fig. (9), NN-relay detect the fault after 3ms (i.e. at t=13ms) and
output trip after 4ms (i.e. at t=14ms). FNN-relay detect the fault at t=10ms) and output trip after 2ms of fault
occur (i.e. at t=12ms). FNPN-relay detect the fault after 1ms (i.e. at t=11ms) and output trip after 2ms of fault
occur (i.e. at t=12ms). Hence, in this case FNN and FNPN relays are gives output trip faster than NN-relay.

Fault location at 80% of TL:
Case (1) Full load:
Table (4) explaining the magnitude and time delay of output for NN relay, FNN relay and FNPN relay for
full load case for proposed approaches.
Table (4) shows that the proposed approaches have no output trip for (Normal operation and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNN-relay has output trip for internal faults cases with time delay (3-4) ms.
FNPN-relay has output trip for internal faults cases with time delay (2-3) ms.

Table 4: Results of Simulation for Full Load Case at 80% of TL.

No. Case NNRgela FNNRgelay FNPNRgela
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0013 - 0.0017 - 0.0011 -
2 Normal with unbalance load 0.0022 - 0 - 0.07 -
3 Normal with Non-linear load 0.0043 - 0.0002 - 0.0006 -
4 External Fault 0.0002 - 0.0006 - 0.0093 -
5 Internal L-G 1 3 0.9337 3 0.9929 2
6 Internal L-L-G 1 3 1 3 0.9991 3
7 Internal symmetrical fault 1 4 1 4 1 3
8 Internal L-L 0.98 4 0.9999 4 0.9995 3

Case (2) 0.5 full load:

Table (5) explaining the magnitude and time delay of output for NN-relay, FNN-relay and FNPN-relay for
0.5 full load case for proposed approaches.

Table (5) shows that the proposed approaches have no output trip for (Normal operation, and external fault
cases) for NN, FNN and FNPN relays.
NN-relay has output trip for internal faults cases with time delay (3-5) ms.
FNN-relay has output trip for internal faults cases with time delay (3-4) ms.

Table 5: Results of Simulation for 0.5 Full Load Case at 80% of TL.

No. Case NNrela FNNRgelay FNPNrgera
Roue Time Rou Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0007 - 0.0001 - 0.0004 -
2 Normal with unbalance load 0.0035 - 0.0012 - 0.0016
3 Normal with Non-linear load 0.0019 - 0.0002 - 0.0006 -
4 External Fault 0.0015 - 0.004 - 0.0014 -
5 Internal L-G 1 3 1 3 1 3
6 Internal L-L-G 1 4 0.999 3 0.98 3
7 Internal symmetrical fault 1 5 1 3 1 3
8 Internal L-L 0.996 4 0.96 4 0.9997 4
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based on impedance calculation. By using a new approaches, a fast, accurate and robust protection relay of
transmission line are presented with the decision time which has been shortened.

Table 6: Results of Simulation for 0.25 Full Load Case at 80% of TL.

No. Case NN-rela FNNgelay FNPNgeia
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0025 - 0.0001 - 0.0008 -
2 Normal with unbalance load 0.0054 - 0.0011 - 0.0013
3 Normal with Non-linear load 0.0005 - 0.0002 - 0.007 -
4 External Fault 0.0075 - 0.0003 - 0.0086 -
5 Internal L-G 1 3 0.98 3 1 3
6 Internal L-L-G 1 4 0.9993 3 1 3
7 Internal symmetrical fault 1 3 1 4 1 5
8 Internal L-L 0.9997 5 1 4 0.9998 3
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Fig. 10: Relay Output for Internal L-L-G Fault for 0.5 Full Load Case at 80% of TL.

Table 7: Results of Simulation for Full Load Case at 100% of TL.

No. Case NNRgela FNNRgelay FNPNRela
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0013 - 0.0017 - 0.0011 -
2 Normal with unbalance load 0.0022 - 0 - 0.07 -
3 Normal with Non-linear load 0.0043 - 0.0002 - 0.0006 -
4 External Fault 0.0002 - 0.0006 - 0.0093 -
5 Internal L-G 1 3 0.9958 3 1 2
6 Internal L-L-G 1 3 1 3 0.9997 3
7 Internal symmetrical fault 1 5 0.9999 4 1 3
8 Internal L-L 1 4 1 3 1 3

Table 8: Results of Simulation for 0.5 Full Load Case at 100% of TL.

No. Case NNrela FNNrelay FNPNRgeja
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0007 - 0.0001 - 0.0004 -
2 Normal with unbalance load 0.0035 - 0.0012 - 0.0016 -
3 Normal with Non-linear load 0.0019 - 0.0002 - 0.0006 -
4 External Fault 0.0015 - 0.004 - 0.0014 -
5 Internal L-G 1 3 1 3 1 3
6 Internal L-L-G 1 4 0.99 3 0.9988 3
7 Internal symmetrical fault 1 3 0.9997 4 0.9992 4
8 Internal L-L 1 4 1 4 1 3
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Table 9: Results of Simulation for 0.25 Full Load Case at 100% of TL.

No. Case NNRgela FNNRgelay FNPNRela
Rou Time Rout Time Rou Time
(ms) (ms) (ms)
1 Normal Operation 0.0025 - 0.0001 - 0.0008 -
2 Normal with unbalance load 0.0054 - 0.0011 - 0.0013 -
3 Normal with Non-linear load 0.0005 - 0.0002 - 0.007 -
4 External Fault 0.0075 - 0.0003 - 0.0086 -
5 Internal L-G 1 3 0.9997 3 1 3
6 Internal L-L-G 1 3 1 3 1 3
7 Internal symmetrical fault 1 3 1 4 1 3
8 Internal L-L 1 5 0.9989 3 1 4
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Fig. 11: Relay Output for Internal L-L-L-G Fault for 0.25 Full Load Case at 100% of TL.

Conclusion:

An efficient and fast relaying for fault detector approaches for transmission line protection have been
proposed. Measured currents at the relay location are used as an input to the NN-relay, FNN-relay and FNPN-
relay.

The proposed algorithms are extensively tested by independent test fault patterns, at different faults location
on TL (i.e. at 20%, 80%, & 100% of TL length) and with different faults types. The presented test results
demonstrate the effectiveness, the precision of fault detection, speed of operation, reliability and sensitivity in
variety of fault situations including fault types and fault locations. The results of simulation explained that in
some fault cases the FNN-relay and FNPN-relay are faster in operation than NN-relay.
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