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ABSTRACT :  

The paper analyses two different approaches for Fault Classifier and Fault Locator for locating 

faults occurring on a UHV transmission line using Artificial Neural Network. The single and 

modular artificial neural networks were developed for determining the fault distance location 

under varying types of faults in transmission line. The proposed algorithm uses the fundamental 

component of voltage and current signals measured at one end of circuit to detect, classify and 

locate the faults. The proposed neural fault classifier and fault locator were trained using various 

sets of data by simulating different fault scenarios like - fault types, fault locations, fault 

resistances and fault inception angles. The comparative results of single and modular neural 

network indicate that the modular approach gives correct fault location with better accuracy. 
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INTRODUCTION 

The problem of fault location on transmission lines has been the focus of interest of many 

researchers in power systems for years. Until a few years ago, fault location   algorithms were 

implemented in conjunction with protective    devices, which typically use voltages and currents 

measured at one or some points of an overhead line. Fault location methods can be divided into 

three categories : 

• Methods that are based on traveling waves. 

• Methods that use higher frequency components (harmonics) of currents and voltages. 

• Methods that use the fundamental frequency voltages and currents measured at the terminals of a 

line. 

A transmission line is one of the most important components of power system which connects the 

generating station with distribution system. The probability of fault occurring on a transmission 

line is quite large as it is exposed to open environmental conditions. The various types of faults 

occurring on a transmission line are: single line to ground faults, double line faults, double line to 

ground faults, triple line faults and triple line to ground faults. 

So it becomes a prerequisite for faster detection and clearance of faults and henceforth ensuring 

security and stability of system as a whole. The purpose of a protective relays is to clear the fault 
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as quickly as possible, minimize the damage caused due to fault and restore the line quickly. As a 

result of this it becomes essential to know about the nature of fault occurred in the line and its 

exact location. 

The scheme is based on master and slave principles using a fibre optic link as a means of 

communication between ends. Fault Location algorithm for locating unbalanced faults based on 

negative-sequence quantities from all line terminals for two or three terminal lines [1]. Fault 

location schemes using synchronized phasor measurements for multi-terminal transmission line 

have been developed [2-4]. There has been a very limited attention to the use of artificial neural 

network for protection of teed transmission circuit. A radial basis function neural network was 

used [5] for fault distance location in teed circuits and also detects the fault but the network does 

not identify the phase in which the fault occurs. 

ANN is powerful in pattern recognition, classification and generalization. ANN-based techniques 

show a great enhancement in the accuracy of fault classification and location in comparison with 

the conventional techniques. This is due to the features of ANN which do not exist in the 

conventional methods such as the capability of non-linear mapping, parallel processing, learning 

and generalization. 

With the global positioning system (GPS), digital measurement of the three-phase current and 

voltage signals for the two line ends can be carried out into a synchronous manner [6-9]. These 

techniques are more precise than the distance relaying protection algorithms which are affected by 

the insufficient transmission line modeling and the parameter uncertainty due to the aging of lines. 

Moreover, these techniques require the installation of a GPS where the measurements are 

synchronized compared to a GPS clock. 

Fuzzy logic-based transmission line relaying techniques for fault classification and fault location 

are proposed by many researchers [10-12]. However, these techniques cannot in any way 

guarantee precision results: for wide variation of fault conditions (high fault resistance, high fault 

inception angle, and far distance location from relay site). 

A fault detection and classification scheme is developed [13]. This technique uses three-phase 

currents and zero sequence current but the fault location procedure is not indicated. A fault 

classification and location algorithms for combined overhead transmission line have been 

proposed   [14]. The current and voltage samples are used for the proposed scheme. These values 

were obtained within one cycle after the fault inception that implies a response time superior than 

one operating cycle. The protection fault approaches based on fuzzy logic (FL) and adaptive 

network fuzzy inference system (ANFIS) techniques are sensitive to the system frequency 

variations and require large training sets. The artificial neural networks were integrated in the 

protection relaying techniques. These techniques used samples of current and/or voltage without 

calculating the symmetrical components [15].Various neural network types such as the multilayer 

perceptron (MLP), radial basis function (RBF), and diagnosis in transmission lines [16-20]. 

The work presented in this paper deals with fault distance location using artificial neural network 

for all the types of faults in a transmission lines. Throughout the study a 1000 kV transmission line 

of 360 km length has been chosen as a representative system.  The work reports the results of 

extensive “offline” studies using the Matlab and its associated toolboxes: Simulink, Sim Power 

Systems and Neural Network Toolbox. The neural networks based scheme has been developed for 

transmission line using fundamental components of three-phase voltages and currents. The 

following two ANN architectures were explored for this task: 

(i) single neural network for all type of faults ; 

(ii) modular neural network for each type of faults (consisting four ANN modules). 
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 Power System under study  

 

To evaluate the performance of the proposed neural network based fault detector and locator, a 

1000 kV, 360 km transmission line extending between two sources is considered in this study. The 

power system model simulated using MATLAB software is shown in Figure 1.The transmission 

line has been represented by distributed parameter of one line model using Power System toolbox 

of MATLAB software. The proposed fault classification and location algorithms require only the 

three-phase voltages and currents samples at the sending end of the transmission line. A large 

number of fault samples data have been generated using MATLAB considering wide variations on 

fault conditions such as fault locations, fault resistances, fault inception angle, and fault types. 

Using these data, fault classification and location have been carried out by means of MATLAB. 
 

                                                                             
Fig 1 . Power system model 

 

 The  transmission line parameters are given  below. 

The parameters of power system model 

 Line length  = 360 km 

Line voltage  = 1000 kV 

Frequency = 50 Hz 

◦ Negative sequence impedance = 0.0225+ j0.01738; 

◦ Zero sequence impedance = 0.2188+ j 0.0032829; 

◦ Negative  sequence capacitance = 6.794 nF/km; 

◦ Zero sequence capacitance = 7.85551nF/km. 

 

Artificial neural network 

 

A. Single ANN based fault detection and classification 

 A single ANN for fault detection and classification of all the ten type of faults in both the circuit 

under varying power system operating conditions has been developed. The block diagram of the 

proposed single ANN based fault detector and classifier approach is shown in Figure 2.  

 

                                                    
Fig  2.   Block diagram of single phase 

The implementation procedures for designing the neural network for fault distance location 

estimation are as follows. The input data and target data from the simulation are obtained. The 
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training data are assembled and preprocessed for single and modular ANN-based FDL. The 

network architecture is created and the network is trained until conditions of network setting 

parameters are reached. Then the test and performance analysis is performed. 

 

B. Selection of Network Inputs and Outputs. 

 

One factor in determining the right size and architecture for the neural network is the number of 

inputs and outputs that it must have. The lower the number of inputs, the smaller the network cans 

be. However, sufficient input data to characterize the problem must be ensured. The signals 

recorded at one end of the line only are used.  

Hence the network inputs chosen here are the magnitudes of the fundamental components (50Hz) 

of three-phase voltages and three-phase currents of circuit. As the basic task of fault location is to 

determine the distance to the fault, fault distance location, in km (  ) with regard to the total 

length of the line, is the only output provided by the fault location network. Thus, the inputs   and 

the outputs   for the fault location network are given by: 

 

                                                              X =  Va, Vb, Vc, Ia,Ib,Ic, Φi 

                                                                             Y = Lf  

The same inputs are taken which are trained  and the output Rf is obtained. Applying the above 

input and output data pattern to the ANN for training, it was found that the fault detector and 

classifier correctly detects and classifies all types of faults. 

The purpose of the fault location task is to estimate the exact fault location. Consequently, only 

obtained outputs by the fault location algorithm corresponding to the fault distance will be 

provided by the proposed modular neural network based on fault locator. 

 

C. Training Data 

 

A large number of training data for different ANNsbased on fault location task were generated 

using MATLAB software, taking into account various fault scenarios subjected under different 

fault condition such as different fault locations    (100km, 150 km, 200 km, 250km) , different 

fault inception angles FIA (0°,45, 90°,120), and various fault resistances    (0Ω, 10 Ω ,50Ω, 

60Ω). 

The total number of ground faults simulated are = 7(3 LG+3LLG +1LLLG)*4 (no. of fault 

locations 100,150,200,250km)*4 (Fault inception angle 0°,45, 90°,120)*2(Fault resistance) = 224.  

The total number of Line faults simulated are = 4(3 LL+1LLL)*4 (no. of fault locations 

100,150,200,250km )*4 (Fault inception angle 0°,45, 90°,120)*2(Fault resistance) = 128.The total 

fault cases are 352. Each fault data is taken  and 401*7  = 2807 samples  are taken for training, 

testing and validation.  Training matrices were built in such a way that the network trained 

produces an output corresponding to the fault distance location. 

 

D. Fault Patterns Generation and Preprocessing 

 

To train the network, a suitable number of representative examples of the relevant phenomenon 

must be selected, so that the network can learn the fundamental characteristics of the problem. 

Three phase voltages and three phase current signals of  the transmission line were sampled at a 

sampling frequency of 1 kHz and further processed by simple 2nd-order low-pass Butter worth 
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filter. The filter removes the unwanted frequencies from a sampled waveform. If the Nyquist 

frequency corresponds to a sampling rate of N times per cycle, it also determines the highest order 

harmonic frequency in the waveform which can be estimated. 

The anti-aliasing filter removes harmonics 8 times above the 50Hz frequency to prevent 

corruption of the desired phasor. Thus the cut-off frequency of filter is 8x50=400 Hz.  

Then one full cycle discrete Fourier transform is used to calculate the fundamental component of 

voltages and currents. It should be mentioned that the input signals have to be normalized in order 

to reach the ANN input level (±1). One full cycle Discrete Fourier transform is used to calculate 

the fundamental component of voltages and currents. The process of estimation of fundamental 

component of voltages and currents is continuous for complete simulation time of 0.2 sec. 

 

E. Training Process 

 

Once the network input and outputs have been selected, the final determination of the ANN 

architecture requires the relevant transfer functions in the hidden and output layers to be 

established. Activation function of the hidden layer is hyperbolic tangent sigmoid function. 

Neurons with sigmoid function produce real valued outputs that give the ANN ability to construct 

complicated decision boundaries in an n-dimensional feature space. This is important because the 

smoothness of the generalization function produced by the neurons, and hence its classification 

ability, is directly dependent on the nature of the decision boundaries.  

Saturating linear transfer function has been used in the output layer as output should be 0 or 1 

based on the fault type which occurs on the system. The single ANN based fault detector & 

classifier was trained using Levenberg–Marquardt training algorithm as it gives fastest 

convergence as compared with other algorithms. To decide the number of neurons in the hidden 

layer, there is currently no mathematical theory. 

The reality is that structured trial and error must be used. If too few hidden neurons are used, the 

network will be unable to model complex data, resulting in a poor fit. If too many hidden neurons 

are used, then training will become excessively long and the network may over fit. The structured 

trial and error process generally used to determine the number of hidden neurons relies on the 

premise that networks with too many hidden neurons will converge.  

The training of single ANN based fault detector & classifier takes long time and also the memory 

requirement is high for singular ANN while training process, if the memory of the PC used is not 

large then the training cannot be performed because of error while training in MATLAB software 

“out of memory error”. However during testing phase it is almost instantaneous. 

 

Modular ANN 

 

The single ANN-based FDL has the disadvantages of complexity, large training sets, long training 

time, and slow learning capability. Thus, it was decided to develop a modular neural network for 

each type of faults. In this approach any task is divided into number of possible subtasks where 

each one is accomplished by an individual neural network. Finally, all network outputs are 

integrated to achieve  the overall task. Obviously the approach has the advantages of simplicity, 

higher accuracy, less training sets and training time, easier interpretation, model complexity 

reduction, and better learning capability. 

Thus the memory requirement of modular network is not large. In modular network the training 

data is reduced according to the type of fault, thus it does not require large memory during training 
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process. Four different ANN modules were developed to process different fault type, i.e. phase to 

ground faults, double phase to ground faults, phase to phase faults and three phase faults. Based on 

the fault type, appropriate network detects and classifies the fault.   

In modular approach, on the occurrence of a fault, the fault detection/classification unit activates 

the modular ANN-based fault distance locator unit. Further refer to Table-1, different architectures 

are there as the training of modular networks involves different fault patterns according to their 

fault type (LG, LL, LLG, LLL) The inputs and outputs of modular ANN based fault detector and 

classifier are the same as used for single ANN based fault detector and classifier approach i.e. total 

seven inputs and one output. The block diagram of the proposed modular ANN based fault 

detector and classifier approach is shown in Figure 3. 

 

                                           
 

Fig 3.   Block diagram of modular ANN- Based fault   classifier and distance locator. 

 

The procedure for development of the architecture of modular ANN based fault detector and 

classifier is same as that of single ANN based fault detector and classifier. The final architecture 

of modular ANN based fault detector and classifier is shown in Table 1. 
 

Table 1. Architecture of modular ANN based fault detector and classifier 

 

Modular ANN-based fault 

classifier 

 

Archite 

cture 

Mean square error (MSE) 
Number of epochs 

 

Phase to ground fault 7 – 10 – 1 6.0314e-08 10 

Phase to phase fault 7 – 10 – 1 2.76730e-06 12 

2 phase to ground fault 7 – 10 – 1 1.00492e-05 9 

Three phase fault 7 – 10 – 1 6.09125e-10 13 

3 phase to ground fault 7 – 10 – 1 
4.35187e-10 

 
12 

 

Fault Classifier 

After training, modular ANN based fault detector and classifier were extensively tested using 

independent data sets consisting of fault samples never used previously in training. The network 

was tested by presenting 240 different types of faults with varying fault locations 

(Lf=100km,150km, 200 km,250km), fault inception angles (Φi= 0, 45°, 90°, 120°) and fault 

resistance (Rf= 0 ,10Ω,50Ω, 60Ω). During training total number of fault patterns used were.2807 

samples  are taken for training, testing and validation Further to evaluate the performance of the 

trained ANN based detector and classifier,  extracted each from 240 different types of faults cases 
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forming around 2800 fault patterns which have been used during testing phase. Some of the test 

results of the proposed ANN based fault detector and classifier under the symmetrical and 

unsymmetrical faults with different power system conditions .Some of the test results of the 

proposed ANN based fault detector and classifier under different fault condition (both symmetrical 

and unsymmetrical faults) with different power system conditions are discussed here. 

 

Comparison of Single and Modular ANN 

 

 After training, single and modular ANN based fault detector and classifier were extensively tested 

using independent data sets consisting of fault samples never used previously in training.  

The network was tested by presenting 240 different types of faults with varying fault locations 

(Lf= 100km, 150km, 200km, 250km), fault inception angles (Φi= (0°,45°,90°,120°) and fault 

resistance (Rf= 0 Ω , 10 Ω ,50 Ω ,60Ω). During training total number of fault patterns used were 

8800. Further to evaluate the performance of the trained ANN based detector and classifier, 10 

number of post fault samples were extracted each from 240 different types of fault cases forming 

around 2400 fault patterns which have been used during testing phase.  

The test results of single and modular ANN-based FDLs under different fault conditions are given 

in Table 2. At various locations different types of faults were tested to find out the maximum 

deviation of the estimated distance    measured from the relay location and the actual fault 

location   . Then the resulting estimated error “ ” is expressed as  

         

                                % Error (e) =  
                                               

              
 

       It can be seen from the test results in Table 3, that the % error in locating the fault using single 

ANN-based FDL is within -1.6 % to -0.35% and that of modular ANN-based FDL lies between  

0.15%  to -0.03 %. 

Thus, modular ANN-based FDL determines the fault distance location more accurately than the 

single ANN-based FDL. Some of the simulation results under different fault situations with 

varying power system parameters are discussed below. 

Some of the test results of the proposed ANN based fault detector for different faults with different 

power system conditions are presented in Table 2.  

 

A.Test result 

 

 Test results of phase to ground fault (LG) 

 

The network was tested by presenting different fault cases with varying fault locations and fault 

inception angles. The faults are classified under different power system conditions for symmetrical 

and unsymmetrical faults.  

The network is tested for single phase to ground fault BN at   100 km at 90  inception angle and 

fault resistance Rf = 50Ω.. The  output of phase B  of ANN is high exactly one (1) and all other 

outputs A & C are low exactly zero (0.Because the transfer function used in output layer of ANN 

is saturating linear. The “satlin” transfer function enables to get the exact outputs either 0 or 1 i.e. 

within one cycle time. Thus, the fault is simultaneously detected and classified and also the section 

is identified. The output of single ANN based fault locator i.e. estimated fault location is 101.6 
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against the actual fault location 100 km, after one cycle from the inception of fault; thus the 

percentage error in estimation of fault location is -1.6%. 

The output of modular ANN based fault locator i.e. estimated fault location is 100.6 against the 

actual fault location 100 km, after one cycle from the inception of fault; thus the percentage error 

in estimation of fault location is -0.6%. 

 

Test results of double phase to ground fault (LLG) 

 

The network is tested for double  phase to ground fault ABN at   150 km, 45  inception angle and 

fault resistance Rf = 60Ω. The  output of corresponding phases (A&B) of ANN is high exactly one 

(1) and all other output C is low exactly zero(0).Because the transfer function used in output layer 

of ANN is saturating linear. 
 

Table  2.  Test results of single and modular ANN based fault distance locator 

 

 

 

Fault 

Type 

Fault 

inception 

angle Φ  

Fault 

resistance 

   (Ω) 

Fault 

location 

   (km) 

Output of 

single 

ANN based 

FDL 

  (km) 

Output of 

modular 

ANN-based 

FDL 

   (km) 

% Error of 

single 

ANN-based 

FDL 

 

% Error of 

modular 

ANN-based 

FDL 

 

 

 

Single 

phase fault  

 

0 

 

45 

 

90 

 

120 

 

50 

 

60 

 

50 

 

60 

 

100 

 

150 

 

       100 

 

150 

 

101.6 

 

151.3 

 

101.61 

 

151.5 

100.6 

 

150.5 

 

100.6 

 

150.5 

-1.6 

 

-0.87 

 

-1.61 

 

-1.0 

-0.6 

 

-0.3 

 

-0.6 

 

-0.33 

 

 

Phase to 

Phase fault 

 

0 

 

45 

 

90 

 

120 

 

0 

 

10 

 

10 

 

10 

 

100 

 

150 

 

       200 

 

       100 

101.1 

 

151.5 

 

201.8 

 

101.8 

100.1 

 

150.7 

 

200.8 

 

100.8 

-1.1 

 

-1.0 

 

-0.9 

 

-1.8 

-0.1 

 

-0.5 

 

-0.4 

 

-0.8 

 

 

2 phase to 

Ground 

fault 

 

0 

 

45 

 

90 

 

120 

 

50 

 

60 

 

50 

 

60 

 

150 

 

150 

 

       200 

 

       150 

150.5 

 

151.1 

 

202.1 

 

151.7 

149.5 

 

150.1 

 

201.3 

 

150.7 

-1.0 

 

-0.73 

 

-1.05 

 

-1.1 

0.3 

 

-0.06 

 

--0.7 

 

-0.5 

 

 

 

 

3 phase 

fault 

 

0 

 

45 

 

90 

 

120 

0 

 

0 

 

0 

 

0 

100 

 

150 

 

       200 

 

       100 

100.98 

 

152.2 

 

201.3 

 

101.7 

99.98 

 

151 

 

201.2 

 

100.7 

-0.98 

 

-1.5 

 

-0.65 

 

-1.7 

0.02 

 

-0.7 

 

-0.6 

 

-0.7 
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 The “satlin” transfer function enables to get the exact outputs either 0 or 1 i.e. within one cycle 

time. Thus, the fault is simultaneously detected and classified and also the faulty section is 

identified. The output of single ANN based fault locator i.e. estimated fault location is 151.1 

actual fault location 150 km , thus the percentage error in  estimation of fault location is -0.73%. 

The output of modular ANN based fault locator i.e. estimated fault location is 150.1 against the 

actual fault location 150 km. Thus it is located accurately with  -0.06%. 

 

Test results of phase to phase fault (LL) 

 

The test results of the ANN based fault detector, classifier and fault locator module for CA fault  

at 200 km at fault inception angle 90° and fault resistance Rf = 10Ω are shown in Table 2. The 

output of ANN becomes high (1) in corresponding phases C and A within one cycle time from 

the inception of fault and other output  is low. 

The estimated fault location is 201.8 against the actual fault location 200 km for single ANN, 

thus the percentage error in estimation of fault location is -0.9%. 

The output of modular ANN based fault locator i.e. estimated fault location is 200.8 against the 

actual fault location 200 km. Thus the fault located is estimated accurately with  -0.4% error. 

 

Test results of three phases to ground fault (LLLG) 

 

The test results of the ANN based fault classifier and fault locator module for ABCG fault  at 

200km for fault inception 0° and fault resistance Rf = 50Ω. shown in Table 2. The output 

becomes high (1) in corresponding phases A, B, C within one cycle time. 

The output of single ANN based fault locator i.e. estimated fault location is 200.7 against the 

actual fault location 200 km, thus the percentage error in estimation of fault location is -0.35%. 

The output of modular ANN based fault locator i.e. estimated fault location is 199.7 against the 

actual fault location 200 km, after one cycle from the inception of fault; thus the percentage error 

in estimation of fault location is 0.15%. 

 

 Test results of three phases to ground fault (LLL) 

 

The test results of the ANN based fault classifier and fault locator module for ABC fault  at 

100km forfault inception 120° and fault resistance Rf = 0Ω. shown in table3. The output 

becomes high (1) in corresponding phases A, B, C within one cycle time.   

The output of single ANN based fault locator i.e.  estimated fault location is 101.7 against the 

actual fault location 100 km, thus the percentage error in estimation of fault location is -1.7%. 

  

 

 

3 Phase to 

Ground 

fault 

 

0 

 

45 

 

90 

 

120 

 

50 

 

60 

 

50 

 

60 

 

200 

 

150 

 

        100 

 

100 

200.7 

 

151.5 

 

101.52 

 

101.5 

199.7 

 

150.6 

 

100.5 

 

100.5 

-0.35 

 

-1.0 

 

-1.52 

 

-1.5 

 

0.15 

 

-0.4 

 

-0.5 

 

-0.5 
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The output of modular ANN based fault locator i.e. estimated fault location is 100.7 against the 

actual fault location 100 km, after one cycle from the inception of fault; thus the percentage error 

in estimation of fault location is  -0.7%. 

It is clear from test results shown above that, the faults are correctly detected, classified and 

faulty section is identified and located accurately using  modular ANN. 

 

 Conclusion 

 

 Single and modular neural network modules were developed for determining the correct fault 

distance location in UHV transmission line. In  single and modular approach, four different ANN 

modules for fault detection and classification according to the type of faults (LG, LL, LLG, and 

LLL and LLLG) have been developed, tested under different resistance, inception angle at 

different distance for different fault types. 

The comparison of the test results of single and modular approach shows that the modular 

approach is more accurate. The modular ANN-based Fault detection test results are very 

encouraging and confirm the suitability of the technique for protection of transmission line.  
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