
International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-4, Issue-8, Aug.-2016 

WT-ANN Based Approach For Improved Estimation of the Fault Location on 230 KV Shwesaryan-Mansan Transmission Line 
 

116 

WT-ANN BASED APPROACH FOR IMPROVED ESTIMATION OF 
THE FAULT LOCATION ON 230 KV SHWESARYAN-MANSAN 

TRANSMISSION LINE 
 

1EI PHYO THWE, 2MIN MIN OO 
 

1,2Department of Electrical Power Engineering, Mandalay Technological University, 
The Republic of the Union of Myanmar 

E-mail: 1eiphyo2012@gmail.com, 2minminooep@gmail.com 
 
 
Abstract— This paper presents an improved approach for locating and identifying faults for high voltage overhead 
Transmission line by using WT-ANN (wavelet-artificial neural network) technique. The proposed method uses one end data 
to identify the fault location. The fundamental components of current  signals  measured  at  relay  location  are  used  as input  
to  train  Artificial  Neural  Network.  MATLAB® software with its associated Simulink® and simpowersystem® toolboxes 
have been used to simulate the three phase 230 kV Shwesaryan- Mansan transmission line.  The ANN was trained and tested 
using various  sets  of  field  data,  which  was  obtained  from  the simulation  of  faults  at  various  fault  scenarios  (fault  types, 
fault  locations  and  fault  resistance)  of  the selected transmission line. Simulation results confirm that the proposed method 
can be used as an efficient for accurate fault location tool on the transmission line fault analysis. 
 
Index Terms— WT-ANN, Artificial Neural Network, fault location, Transmission line.  
 
I. INTRODUCTION 
 
In power systems, transmission and distribution lines 
are vital links that achieve the continuity of service 
from the generating plants to the end users. Protection 
systems for transmission lines are one of the most 
important parts in power systems. Fault location is a 
desirable feature in any protection scheme.  Accurate 
location of transmission line faults has been a subject 
of interest for several years. The major reason for this 
activity is that an accurate location of fault can reduce 
the time required for restoring service to customers. A 
very high degree of accuracy is thus required that 
cannot be achieved using conventional techniques; 
because of the wide variation in power system and 
fault conditions that occur in practice and these in turn 
can have a significant influence on the degree of 
accuracy achievable with conventional fault location 
techniques. Fault location is one of the most important 
functions to help power engineers find in the fault 
point and then restore soon. 
Nowadays, fault  location  methods  of  multifunction 
digital relays based on fundamental frequency 
voltages and currents  measured  at  one  end  of  the  
lines,  which  do  not have sufficient accuracy. In such 
techniques the influence of fault resistance and fault 
inception angle are not taken into account.  
Furthermore,  their  accuracy  is  degraded when  the  
line  is  fed  from  other  terminal.  As  a  result, the  
location  error  of  Toshiba Relay is  a  maximum  of  
±2.5  km for faults at a distance of  up to 100 km, and 
a maximum of ±2.5% for faults at a distance between 
100 km and 250 km or accurate fault location of 
Siemens relay is ≤ 2.5% of line  length ,  or  Sel  relay 
is ≤ 2.5%, or ABB relay is 2.5% and Areva relay is ≤ 
2.5%. On the other hand, intelligent computational 

techniques such as  Fuzzy  Inference  System  (FIS),  
Artificial  Neural Network  (ANN)  and  adaptive  
network  based  fuzzy inference  system  (ANFIS)  
which  have  been  used  to improve the accuracy in 
fault location.  
This  paper  presents  an  application  of  ANN  for  
fault estimation  along  with  fault  location  on  230 kV 
Shwesaryan-Mansan transmission line by Matlab 
Simulink. The  ANN  has  been  successfully  applied  
for  fault  locator (FL)  where  the  information  of  the  
current data of protection relay and CB are available. 
The effects of  varying  fault  location,  fault  time,  
fault  resistance and remote source infeed have been  
considered  in  this  work. The proposed method is 
tested under different fault conditions such as different 
fault locations, and different fault resistances. The 
simulation results clearly show that the proposed 
technique can accurately classify the fault type and 
locate faults on transmission lines under various fault 
conditions. 
 
II. FAULT LOCATION BY CONVENTIONAL AND 
INTELLIGENT METHODS  
 
The conventional transmission line fault location 
techniques can be classified into two main categories: 
techniques based on the fundamental power frequency 
component, and techniques utilizing the higher 
frequency components of the fault signals. The latter 
are also referred to as traveling wave methods, due to 
their use of traveling wave theory. Each of these two 
groups can be further divided into two subgroups: to 
use single-end information or to use information from 
both ends of the faulted line. Algorithms that use 
measurements of current and voltage at both terminals 
of the line are generally more accurate than the ones 
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using data only from the local terminal. However, in 
many transmission lines, a communication channel 
between the local and remote line terminals is not 
available, thus make it necessary to use data from the 
local terminal only. Fault location algorithms based 
on only local terminal current and voltage data need 
some simplifying assumptions to make the fault 
distance calculation possible, affecting the accuracy of 
the results [5]. However, fault location techniques 
using single-ended data could be more attractive for 
researchers.  
Impedance based fault location is the most 
well-known technology used today to find  the position 
of a fault in a transmission line by digital relays at 
either ends or dedicated fault locators[6]. They make 
use of the fundamental frequency voltages and the 
currents, and can be classified as single-ended and 
multi-ended methods. The one end algorithm is the 
simplest and does not require the communication of 
data between the monitoring devices located at 
different ends of the same transmission line. However, 
it is subject to several sources of error, such as the 
reactance effect, the line shunt capacitance, and the 
fault resistance value. As a result, the location error of 
these digital relays is rather large as mentioned earlier 
[6]. 
Fault location methods using traveling waves are 
independent of the network configuration and the 
devices installed in the network. These techniques are 
very accurate, but require high sampling rate and their 
implementation is more costly than the 
implementation of impedance based techniques. 
Currently the most widely used method of overhead 
line fault location is to determine the apparent 
reactance of the line during the time that fault current 
is flowing and  to convert the  ohmic result into 
distance based on the parameters of the line. It is 
widely recognized that this method is subject to errors 
when the fault resistance is high and the line is fed 
from both ends, and when parallel circuits exist over 
only parts of the length of the faulty line [3]. 
Many successful applications of artificial neural 
networks to  power  system  have  demonstrated  
including  security assessment,  load  forecasting,  
control  etc...  Recent applications in protection have 
covered fault diagnostic for electric power system, 
transformer protection and generator protection. 
However, almost all these applications in protection 
merely use the ANN ability of classification, that is, 
ANNs only output 1 or 0. With the great developments 
of ANN training and design methods, a series of 
contributions have been introduced to estimate the 
fault distance of the faulted line. This is mainly 
accomplished by those ANN types that use supervised 
training to map the hidden relations between the 
available data and the unknown fault distance through 
the collected training data. As is clear from the above 
explanations, the fault location problem, especially for 

the combined overhead line and underground cable, is 
the very type of the problems which ANN tool is 
designed to handle in an efficient manner. 
 
II. WAVELET TRANSFORM 
 
To improve the reliability of the protection algorithms, 
signal processing was introduced into transmission line 
protection. For instance, Wavelet Transform (WT) has 
been applied to extract transient characteristics of 
different fault conditions for analyzing various transient 
voltage traveling waves. WT has the function of filtering, 
which can get rid of noise disturbance. A technique 
similar to Discrete Fourier Transform (DFT) is presented 
for decomposing the transient components of current 
signals. Due to the effectiveness of WT in transient 
analysis, this technique has been combined with other 
techniques with the aim of improving the reliability of 
protection schemes.  In other words, wavelet entropy can 
identify the power signals with different complexity. 
Therefore, the wavelet energy is applied to describe the 
signals with different complexity which can distinguish 
internal fault from external fault. Moreover, wavelet 
energy entropy has a unique sensibility to slight change 
of signals and it can reflect the energy distribution 
information in both time and frequency domain. The 
relative energy entropy is considered to be a measure of 
the normal signals and the faulty signals, which can 
discriminate between the faulty groups and the normal 
groups [3].    
The application of wavelet transform in engineering 
areas usually requires discrete wavelet transform (DWT), 
which implies the discrete form of t, a, b in the following 
equation. The representation of DWT can be written as: 

   (1) 
where original ‘a’ and ‘b’ parameters in equation are 
changed to be the functions of integers ‘m’, ‘n’. ‘k’ is an 
integer variable and it refers to a sample number in an 
input signal. A very useful implementation of DWT, 
called multi-resolution analysis, is demonstrated in Fig. 
1.  

 

 
Fig.1. Wavelet multi-resolution analysis 

The original sampled signal x(n) is passed through a 
high pass filter h(n) and a low pass filter l(n). Then the 
outputs from both filters are decimated by 2 to obtain 
the detail coefficients and the approximation 
coefficients at level 1 (D1 and A1). The 
approximation coefficients are then sent to the second 
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stage to repeat the procedure. Finally, the signal is 
decomposed at the expected level [4]. In the case 
shown in Fig. 1, if the original sampling frequency is 
F, the signal information captured by D1 is between 
F/4 and F/2 of the frequency band. D2 captures the 
information between F/8 and F/4. D3 captures the 
information between F/16 and F/8, and A3 retains the 
rest of the information of original signal between0 and 
F/16. By such means, useful information can be easily 
extracted from the original signal into different 
frequency bands and at the same time the information 
is matched to the related time period. An example, 
given in Fig. 2, illustrates the procedure. The original 
signal is one cycle of a post-fault current signal, as 
shown in Fig. 2. db4 wavelet is used to make a 5 level 
decomposition. The reconstructed versions of each 
detail and the approximation are shown in Fig. 2. The 
reconstructed versions of each detail and the 
approximation are shown in Fig. 2 .The information 
of original signal is clearly represented at each 
frequency band. The original signal can be 
reconstructed by adding up those wavelet signals at 
the same sample point. The wavelet toolbox in 
MATLAB provides a lot of useful techniques for 
wavelet analysis. 
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Fig.2. An example of wavelet multi-resolution analysis 

 
III. SPECTRAL ENERGY FROM WAVELET 
TRANSFORM 
 
It can be seen from Figure 2, that the wavelet 
coefficients D1 to D5 around the fault inception point 
fluctuate between positive and negative values. 
Although, they are quite distinctive features for fault 
identification, they are not discernable enough to be 
directly employed in the decision making process 
about a particular fault; hence the  spectral  energy  is  
firstly  extracted  from  these  signals and  it  can  be  
calculated using the following formula: 

                           (2) 
where E  is  the  spectral  energy, ‘n’  is  the coefficient 
number,  ‘k’  is  the  window’s number,  ‘j’  is  the  
wavelet  decomposition  level  and cD  is  the  

magnitude  of  the coefficient  for  the  details  from 
WT.  Each spectral energy data contains the energy 
during a certain window length. In this paper, the 
number of one coefficient is selected. The reason is 
that too less window length will impact on the 
accuracy. Based on the coefficients generated from the 
MATLAB wavelet toolbox, the spectral energy can be 
calculated and utilized using equation 2. 
 
IV. ARTIFICIAL NEURAL NETWORK  
 
Artificial neural network (ANN) has been equipped 
with distinctiveness of parallel processing, nonlinear 
mapping, associative memory, and offline and online 
learning abilities. The wide uses of ANN with its 
conquering outcomes make it an effective diagnostic 
mean in electric power systems. Its versatility with 
multitude applicability can be seen in other areas of 
science and engineering research.  
ANN is trained by using prior chosen fault samples as 
input and set of fault information as output for fault 
diagnosis application. Neural networks are comprised 
of primarily three basic learning algorithms such as 
supervised learning, unsupervised learning, and 
reinforced learning. Among these supervised learning 
is most commonly used and is also referred to as 
learning with a teacher. This is applied when the 
target is having identified value and is associated with 
each input in the training set. Figure 3 represents the 
supervised architecture of ANN.  

 

 
Fig.3. Supervised architecture of ANN 

 
Error back propagation (BP) neural network was 
applied for diagnosis of fault in power system. 
However slow speed training and the shortcomings of 
local optima lead to the introduction of additional 
momentum factor for problem solving. Radial basis 
function (RBF) neural network has a faster learning 
speed and the ability of arbitrary function 
approximation. Artificial neural network (ANN) can 
be applied to fault detection and classification 
effectively because it is a programming technique, 
capable to solve the nonlinear problems easily. Also, 
the ANNs are able to learn with experiences. They are 
widely accepted and used in the problem of fault 
detection and fault classification because of the 
following features: 
 Number of transmission line configuration are 

possible as there can be any possibility from short 
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length, long length, single circuit transmission 
line to double-circuit transmission lines, etc.  

 There are several methods to simulate the 
network with different power system conditions 
in a fast and reliable manner; 

 The conditions of the electrical power system 
change after each and every disturbance. Hence a 
neural network is capable to incorporate the 
dynamic changes in the power systems. 

 The ANN output is very fast, reliable and 
accurate depending on the training, because its 
working depends upon a series of very simple 
operations. 

 
The algorithm which employed ANNs programming 
offers many advantages, but it also suffers with many 
disadvantages, which are very complex in nature. 
Some of the important factors are the selection of type 
of network, architecture of the network (which 
includes the selection of number of layers, number of 
neurons in each layer, selection of activation 
functions, learning algorithms parameters etc.), 
termination criteria etc. here are various parameters 
like values of the pre fault and post fault voltages and 
currents of the respective three phases in steady state 
required for precise fault detection and classification 
[2]. 
The values of the pre fault and post fault voltage and 
current of respective three phases are very different 
and are governed by the type of fault. Thus, the fault 
classification method required a neural network that 
allows it to determine the type of fault from the 
patterns of pre fault and post fault voltages and 
currents, which are generated from the values 
measured from a three phase transmission line of an 
electrical power system at one terminal. The neural 
network is based upon the total three numbers of 
inputs, i.e. the currents of respective three phases. The 
neural network is trained by using these six inputs. 
The total number of outputs of the neural network is 
four in numbers, i.e. three phases A, B, C and fourth is 
ground of three phase transmission line [2]. 
 
V. 230 kV SHWESARYAN-MANSAN 
TRANSMISSION LINE  
 
For the ANN based fault detection and location, the 
detailed study is executed at Shwesaryan-Mansan 230 
kV twin bundled double circuit transmission line. The 
Simulink model for the system under study is shown in 
Fig 4. It consists of 230 kV transmission line 193.2 km 
in length. A source is located at Mansan bus and a load 
is attached to Shwesaryan bus. The transmission lines 
are represented by distributed parameter lines. The 
entire transmission line is divided into two and a fault 
is located between them as shown in Figure 4. 

 

 
Fig.4.Simulink model for ANN based fault detection and 

classification 
 
The important parameters for the model are obtained 
from line characteristics and conductor size. They are 
as follow:: 
Line Length = 120 mile (193.2 km) 
Positive/negative Sequence Impedance = 
0.053+j0.142ohm/km 
Zero Sequence Impedance = 0.2856+j0.7205ohm/km 
Positive/ negative Sequence Susceptance= 7.92S/km 
Zero Sequence Susceptance = 3.84 S/km 
Fault Starting = 0.05 seconds  
Duration in fault = 0.03 Seconds  
Type Conductor = Peacock 
 
Simulation time is set as 0.1 second with sampling 
time of 1 sec. Thus sampling frequency of the model 
is 1 MHz. In the model, the current measurements are 
carried out at Mansan bus (B1) and these values are 
used for fault location. The current values are saved at 
workspace in .mat format and then converted to .csv 
files. Based on the .csv files, the spectral energy for 
each current is obtained from matlab program 
simulations. To obtain different spectral energy, ten 
types of faults are performed with different fault 
resistance and location as shown in Table 1.  

 
Table 1: Input Data for ANN Training 

 
 

According to Table 1, 1900 input training data are 
obtained for ANN based fault classification. There are 
seven boolean outputs from ANN as 2^6 through 2^0. 
Then (1900 × 3) input data and (1900 × 7) target data 
are fed to ‘nprtool’ (Neural network 
pattern-recognition tool). From 400 input data, 70 % 
are used for training, 20 % for validation and 10 
percent for testing. In the ANN training, 2 layers with 
50 neurons are set as the basic parameters. The weight 
and bias are set random according to default toolbox 
parameter. The sample input and target data for AG 
fault with 20 Ω fault resistance with various fault 
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distances are depicted in Table 2. For the training 
case, the Neural Network structure is shown in Figure 
5 and performance curve is shown in Figure 6.  
 

 
Fig.5. Neural network structure for fault classification 

 

 
Fig.6. Performance curve for fault classification 

 
Table 2: Input and Target Data for AG Fault with 
20 Ω Fault Resistance with Various Fault Distance 

 
 
To obtain accurate outputs for fault classification, 
several trainings are carried out during simulations. 
Once trained, the networks performance was tested 
using a validation data set. The suitable network 
which showed satisfactory results was finally selected. 
When acceptable output and negligible error is 
obtained, Simulink model output for fault 
classification is generated from ‘nprtool. According to 
the ANN training, the resulting Simulink block for 
fault location is shown in Figure 7.  

 
Fig.7. Simulink block for ANN output 

VI. ANALYSIS ON WT-ANN METHOD 
 
After fault classification, fault location is carried out 
also by using ANN. The goal of this paper is to 

propose an integrated method to perform each of these 
tasks using artificial neural networks. A 
back-propagation based neural network has been used 
for the purpose of fault classification and fault 
location.  Then, the  third  step  is  to  pin-point  the  
position  of  the  fault  on the transmission line. For  
each  of  the  different  kinds  of  faults,  separate  
neural  networks  have been employed for the purpose 
of fault location. Each of these steps has been depicted 
in the flowchart shown in Fig 8. 
The flowchart explains the basic procedure which was 
used to implement the ANN based fault detection, 
classification and location in HV transmission line. 
 

 
Fig. 8. Flowchart depicting the outline of the proposed scheme 

 
For fault location, the fault location Simulink block is 
again obtained by using ‘nprtool’. The test 
arrangement for fault location Simulink block is 
shown in Figure 9.  

 

 
Fig.9. Test arrangement for fault location Simulink block 

 
VII. COMPARISON FOR ACTUAL LOCATION 
AND ANNS OUTPUT 
 
The  trained  ANN  based  Fault  locator modules  were  
then  extensively  tested  using  independent data  sets  
consisting  of  fault  scenarios  never  used previously 
in training. Fault type and fault location were changed 
to investigate the effects of these factors on the 
performance of the proposed algorithm.  Table 3 gives 
some examples for the test results. The left column 
(Assigned Fault Distance) represents the desired 
outputs and the right column (ANNs Based Fault 
Locator Output) is the actual outputs of the ANNs. 
Table 3: Actual Location and ANNs Based Fault 

Locator Output for AG Fault with Different 
Scenarios 
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CONCLUSIONS  
 
A new ANN-based approach to real-time fault 
classification and location in power transmission 
systems which can be used in digital power system 
protection has been proposed in this paper. The Data 
from 230kV Shwesaryan- Mansan transmission line is 
utilized as study case. The neural network 
performance of the proposed fault location scheme is 
evaluated using various fault types. It was shown that 
the network was able to perform fast and correctly for 
different combinations of fault conditions, e.g. fault 
resistance, fault type and fault location. The fault is 
identified just in a few milliseconds which prove that 
the network is able to classify and locate the fault quite 
fast. The error in fault distance estimation is less than 
1 % which is much accurate compared to about 2.5 % 
error of present digital relays. All the test results show 
that the proposed fault classifier and locater can be 
used for supporting a new generation of very high 
speed and accurate distance estimation protective 
relaying systems. 
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