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Abstract- Protecting transmission lines is very important for 

safeguard of the power system. There are many methods for 

protecting the power system from faults conventional 

methods and heuristic methods. The results obtained by 

conventional methods are difficulty because of the 

complexity of the system model, the lack of knowledge of its 

parameters, the large amount of information to be processed 

and the difficulty in taking into consideration any system 

variation as the rules are fixed. The objective of this paper to 

overcome the problems of conventional methods to develop a 

model for real-time fault detection and classification in 

power transmission systems using wavelet-based Adaptive 

Neuro Fuzzy Inference System approach. Only the three line 

currents are utilized to detect fault types such as LG, LL 

and LLG, and then to define the faulty line. In this model, 

the wavelet transform is used to detect the fault and 

Adaptive Neuro Fuzzy Inference System approach is used to 

find the nature of fault [1]. MATLAB programming and 

Simulink are used to test the proposed algorithm and to 

identify the effectiveness of the proposed technique. 

Keywords: Decision making, fuzzy control, fuzzy sets,  

knowledge-based systems, wavelet analysis, wavelet 

transforms, ANFIS. 

I.  INTRODUCTION 

Almost all theories developed in the field of transmission 

lines protective schemes are based on deterministic 

computations on a well-defined model of the system to be 

protected. This results in difficulty because of the 

complexity of the system model, the lack of knowledge of 

its parameters, the large amount of information to be 

processed, and the difficulty in taking into consideration 

any system variation as the rules are fixed (i.e., they do not 

have the ability to adapt dynamically to the system 

operating conditions and to make correct decisions if the 

signals are uncertain). Recently, the applications of neural 

networks to overcome most of the problems  above 

were introduced. The fuzzy set theory is also used to solve 

uncertainty problem. The key benefit of fuzzy logic is that 

its knowledge representation is explicit, using simple 

―IF-THEN‖ relations. Some of the neural network and 

fuzzy-logic applications in power system protection are 

included in [9]-[13]. 

Fuzzy-logic system is inflected in three basic elements: 

fuzzification, fuzzy inference, and defuzzification. 

Degrees of membership in the fuzzifier layer are 

calculated according to IF-THEN rules. They base their 

decisions on inputs in the form of linguistic variable 

derived from membership functions which are formulas 

used to determine the fuzzy set to which a value belongs 

and the degree of membership in that set. The variables 

are then matched with the specific linguistic IF-THEN 

rules and the response of each rule is obtained through 

fuzzy implication. To perform compositional rule of 

inference, the response of each rule is weighted according 

to the impedance or degree of membership of its inputs 

and the centroid of the response is calculated to generate 

the appropriate output. ANFIS combines the best features 

of both the artificial neural networks, and a fuzzy rule 

based system. 
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This paper proposes an application of a new technique to 

process the three line currents in order to determine the 

nature of the fault. A sample three-phase power system 

was simulated using the MATLAB simulink. The line 

currents were then processed using online wavelet 

transform algorithm [1]-[5]. The performance of the 

proposed model was tested using a test set. 

II. WAVELET ANALYSIS 

A wavelet is a waveform of effectively limited duration 

that has an average value of zero. It gives a tool for the 

analysis of transient, non stationary or time varying 

phenomena. 

The basic concept in wavelet transform is to select an 

appropriate wavelet function ―mother wavelet‖ and then 

perform analysis using shifted and dilated versions of this 

wavelet. Wavelet can be chosen with very desirable 

frequency and time characteristics. 

According to Fourier theory, signal can be expressed as a 

sum of possibly infinite series of sines and cosines. This 

sum is referred to as Fourier expansion. The big 

disadvantage of Fourier expansion is, it has only 

frequency resolution and no time resolution. This means it 

determines all the frequencies present in the signal but it 

does not tell at what time they are present. To overcome 

this problem Wavelet transform is proposed. It provides 

time and frequency information simultaneously, hence 

giving a time frequency representation of the signal. 

In the wavelet analysis, the use of a fully scalable 

modulated window solves the signal-cutting problem. The 

window is shifted along the signal and for every position 

the spectrum is calculated. Then this process is repeated 

many times with a slightly shorter (or longer) window for 

every new cycle. In the end, the result will be a collection 

of time representation of the signal, all with different 

resolutions. 

Wavelet analysis overcomes the limitations of Fourier 

methods by employing analyzing functions that are local 

both in time and frequency. Unlike Fourier analysis, 

which uses one basis function, wavelet analysis uses a 

number of basis functions of a rather wide functional 

form. The wavelet functions are generated in the form of 

translation and dilation of fixed function. The basis 

wavelet is termed as a mother wavelet. The basic 

difference is, Short time Fourier transform uses a single 

analysis window where as wavelet transform uses short 

windows at high frequencies at high frequencies and long 

windows at low frequencies. The basis functions in WT 

employ time compression or dilation rather than a 

variation in time frequency of the signal [19]-[20]. 

 

III. ADAPTIVE NEURO-FUZZY 

INFERENCE SYSTEM 

The basic structure of Fuzzy Inference System FIS as 

shown in Figure 1 is a model that maps input 

characteristics to input membership functions, input 

membership function to rules, rules to a set of output  

characteristics, output characteristics to output 

membership functions, and the output membership 

function to a single valued output or a decision associated 

with the output. Fuzzy inference can also be employed to 

model systems whose rule structure is essentially 

predetermined by the user’s interpretation of the 

characteristics of variables in the model. 

 

Fig.1 Basic structure of the Fuzzy Inference System 

The standard fuzzy membership functions are used to 

represent the uncertain parameters. Such   membership 

functions are derived from humans’ innate intelligence 

and understanding which involves contextual and 

semantic knowledge as well as linguistic truth-values 

about an issue. Fuzzy logic is similar to human thinking, 

which defines the possibility as a range rather than a point. 

ANFIS can combine the parallel computation and 

learning abilities of neural networks with the human-like 

knowledge representation and explanative abilities of 

fuzzy systems. As a result, neural networks become more 

transparent, while fuzzy systems become capable of 

learning. A neuro-fuzzy system is a neural network which 

is functionally equivalent to a fuzzy inference model. It 

can be trained to develop IF-THEN fuzzy rules and 

determine membership functions for the input and output 

variables of the system under study. Expert knowledge 

can be  incorporated into the structure of the neuro-fuzzy 

system. At the same time, the connectionist structure 

avoids fuzzy inference, which entails a substantial 

computational burden. ANFIS employs two modes of 

learning. First, a forward pass is made using current 

premise parameters to optimize rule consequent 

parameters using least square estimation based on output 

error. This is possible since outputs are a linear function 

of consequent parameters. Second, a backward pass is 

made to alter premise parameters using gradient-based 

learning. This process of learning is termed Hybrid 

Learning. The backward pass employs learning similar to 

the back-propagation in neural networks. In this paper 

ANFIS is used for classify the nature of the fault, output of 

the ANFISs used for accurate fault classification. Hybrid 

Learning is used for training ANFIS proposed [3]-[4]. 
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IV. SAMPLE POWER SYSTEM 

The simple three-phase power system, shown in Fig. 

2,was chosen for the purpose of generating line currents 

under normal and fault conditions. Data base of line 

currents is built up for various types of faults at different 

locations, using MATLAB software.      

                                                                                                                                   

                                                                                                       

Fig. 2 Model power system.  

V. FAULT DETECTION AND 

CLASSIFCATION 

A]  Fault detection: 

Fault detection can be obtained from the details of the first 

decomposition level of the measured current signals using 

db1 wavelet. This level contains the high frequencies that 

are associated with faults. The length of the sliding data 

window used for fault detection is equal to one cycle of 

fundamental frequency. By calculating the norm of the 

detail coefficients (D1) for all currents, the phases(s) on 

disturbance can be identified. If the calculated norm value 

of any phase exceeds a certain threshold, this indicates 

that this phase is exposed to a disturbance. The calculated 

norm of D1 measures the amount of energy content in D1. 

This norm can be calculated as nd is the number of the 

detail coefficients at that level. 

                   
1/2

1

|| 1|| [ | 1( ) |]
dn

k

D D k


     (1) 

B] Fault Classification Using ANFIS: 

 Ground Detection Criterion [1]:  

The analysis of the fault current symmetrical components 

gives information about the nature of the fault. The 

absence of the zero sequence component in the fault 

current indicates that a line-to-line fault not involving 

ground has occurred. The presence of zero sequence 

component indicates that a fault involving ground has 

occurred. 

Indication of the peak value of the zero sequence 

component computed at sampling instant is expressed as 

per unit of the value of the positive sequence component 

as follows:   
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 Consequently, a zero sequence current base indicator 

can be expressed as  
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 Phase Angle Criteria:  

Phase angle of the three line currents at sampling interval 

are calculated as follows. For sampling rate 0.8 kHz, the 

sampling angle s =
022.5 ,  

1C =3.537005462, and 2C =0.923879532.  

Fuzzy criteria Ciab, Cibc, Cica are defined as follows: 

     

     

     

ab k ia k ib k

bc k ib k ic k

ca k ic k ia k

Ci

Ci

Ci

 

 

 

 

 

 

 

 

   

      

1 1

1, ,

2 1 1 1

abc k abc k

ia b c k

abc k abc k abc k

i i
C

C i i i


 

  




 
    

(4) 

Where      

 

2

1 2

1 2cos
, cos

2sin

S
s

S

C C






   

 For classifying the disturbance waveforms, two fuzzy 

sets are chosen for the ratio of phase angles, and 

designated as H(HIGH), L (LOW). In a similar way, two 

fuzzy sets are chosen for the ratio of the amplitudes 

designated as. The membership functions shown in Fig. 3 

have been defined for the 4-fuzzy variables using 

trapezoidal-shaped functions. For the first three fuzzy 

variables, (L) express any value less than 1.0, while H 

reflects any value greater than 1. In case of the zero 

sequence current indicator, (L) indicates any value less 

than 0.001, while H indicates values greater than 0.01. 

G1 G2 

200km 
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The phase angle ratio criteria is explained in Tables 1–2 

for different fault types. IP1, IP2, IP3 and IP4 stand for 

Ciab/Cibc, Cibc/Cica, Cica/Ciab and I0/I1, respectively. 

Tables 1–2 indicate that fault types are characterized by 

the following features: 

 

L-G Faults L-L Faults L-L- G Faults 

AG : IP3 is H 

BG : IP1 is H 

CG : IP2 is H 

BC : IP2 is H 

CA : IP1 is H 

AB : IP3 is H 

BCG : IP1, IP2 are H 

CAG : IP2, IP3 are H 

ABG : IP1, IP3 are H 

 

The fuzzy set approach briefly described in the previous 

section can be employed for the identification of the 

nature of the fault, whether the fault is a line-to-ground 

fault, line-to-line-to-ground fault, or a line-to-line fault 

not involving ground. The output variable F, that indicates 

the nature of the fault, is indicated in Table 3 and is 

obtained by applying the following simple nine rules 

indicated in Tables 4–5.  

C]  Rules Matrix: 

In Table 5, the first, second, third, and fourth columns 

stand for the membership functions of the four inputs 

Ciab/Cibc, Cibc/Cica, Cica/Ciab and 0 1/I I , while the fifth 

column is the output membership function. The sixth and 

seventh columns are the weight and the connection type 

(AND:1, OR:2), respectively. 

D] Membership Functions (mfs) Definitions: 

The definitions of membership functions (mfs) are based 

on data analysis.  

This can be illustrated as follows. 

 The formulation of the mfs of the first three inputs is 

based on the fact that the inputs are either greater 

than or less than 1.0. For each input, there are two 

mfs. The range of influence of the first mf eventually 

extends from very small positive values 

(theoretically zero) to values less than 1.0, while the 

range of influence of the second mf extends from 

values greater than 1.0 to large values. A trapezoidal 

mf is the most appropriate function to cope with this 

situation. 

 The formulation of the mfs of the fourth input 

(ground detection criterion) is based on the fact that 

for a balanced healthy power system conditions or in 

case of L-L faults, the zero sequence current is 

theoretically zero while in case of unbalanced 

system conditions or in case of ground faults, the 

zero sequence current is significant. Again, 

trapezoidal mf functions are appropriate for this 

situation. 

 The nine mfs of the output are selected on the basis 

that the nine possible outputs are represented by the 

figures from 1 to 9. A simple triangular mf is the 

most appropriate function for this purpose as 

compared to the  Gauss-shaped, Bell-shaped, or 

PI-shaped functions regarding the computational 

burden. 

TABLE 1 
FUZZY CRITERIA IN CASE OF GROUND FAULTS. (L < 

1:0 & H > 1:0 & H > 0:01 & L < M < H) :01 & L < M < H) 

 

 AG BG CG BCG CAG ABG 

Ciab L H M H L M 

Cibc M L H M H L 

Cica H M L L M H 

IP1 L H L H L H 

IP2 L L H H H L 

IP3 H L L L H H 

IP4 H1 H1  H1 H1 H1 H1 

 

TABLE 2 

FUZZY CRITERIA IN CASE OF PHASE-PHASE 

FAULTS (L < 1:0 & H > 1:0 & H > 0:001 & L < M < H) 

 

 B-C C-A A-B 

Ciab M L H 

Cibc H M L 

Cica L H M 

IP1 L L H 

IP2 H L L 

IP3 L H L 

IP4 L1 L1 L1 

 

TABLE 3 

OUTPUT VARIABLE F FOR DIFFERENT TYPES OF 

FAULTS 

Output Fault Output Fault Output Fault 

1 AG 4 BCG 7 BC 

2 BG 5 CAG 8 CA 

3 CG 6 ABG 9 AB 

 

TABLE 4 

FUZZY RULES 

Fault Rule 

AG If (Ciab/Cibc is LOW) AND (Cibc/Cica is LOW) 

AND (Cica/Ciab is HIGH) AND ( 0 1/I I  is 

HIGH) THEN (trip output is AG) 

BG If (Ciab/Cibc is HIGH) AND (Cibc/Cica is LOW) 

AND (Cica/Ciab is LOW) AND ( 0 1/I I  is 

HIGH) THEN (trip output is BG) 
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CG If (Ciab/Cibc is LOW) AND (Cibc/Cica is HIGH) 

AND (Cica/Ciab is LOW) AND ( 0 1/I I  is 

HIGH) THEN (trip output is CG) 

BCG If (Ciab/Cibc is HIGH) AND (Cibc/Cica is HIGH) 

AND (Cica/Ciab is LOW) AND ( 0 1/I I is 

HIGH) THEN (trip output is BCG) 

CAG If (Ciab/Cibc is LOW) AND (Cibc/Cica is HIGH) 

AND (Cica/Ciab is HIGH) AND ( 0 1/I I  is 

HIGH) THEN (trip output is CAG) 

ABG If (Ciab/Cibc is HIGH) AND (Cibc/Cica is LOW) 

AND (Cica/Ciab is HIGH) AND ( 0 1/I I  is 

HIGH) THEN (trip output is ABG) 

BC If (Ciab/Cibc is LOW) AND (Cibc/Cica is HIGH) 

AND (Cica/Ciab is LOW) AND ( 0 1/I I  is 

LOW) THEN (trip output is BC) 

CA If (Ciab/Cibc is LOW) AND (Cibc/Cica is LOW) 

AND (Cica/Ciab is HIGH) AND ( 0 1/I I  is 

LOW) THEN (trip output is CA) 

AB If (Ciab/Cibc is HIGH) AND (Cibc/Cica is LOW) 

AND (Cica/Ciab is LOW) AND ( 0 1/I I  is 

LOW) THEN (trip output is AG) 

 

TABLE 5 

FUZZY RULE MATRIX 

 

mfs 

Input 

1 

mfs 

Inpu

t 

2 

mfs 

Input 

3 

mfs 

Input 

4 

mfs 

Outpu

t 

 

Weigh

t 

Co

nne

ctio

n 

1 1 2 2 1 1 1 

2 1 1 2 2 1 1 

1 2 1 2 3 1 1 

2 2 1 2 4 1 1 

1 2 2 2 5 1 1 

2 1 2 2 6 1 1 

1 2 1 1 7 1 1 

1 1 2 1 8 1 1 

2 1 1 1 9 1 1 

 

Fig. 3 Fuzzy block diagram of the fault classifier.[1] 
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ANFIS MODEL STRUCTURE: 

The implemented anfis model structure is 

 

Fig. 4 ANFIS Model Structure 

RULE VIEWER: 

 

                               Fig. 5 Rule Viewer 

Simulation and Results: 

By applying the phase to ground fault, the phase 

waveform distorted and by transfering the distorted 

waveforms to the wavelet tool box and faulty line detected 

by wavelet technique.  

The output current waveforms of phase-B to ground fault 

are 

            
Fig. 6 Output current waveform of BG fault 
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Fig. 7 Three phase current waveform with LG fault on 

phase-A 

Figure 5. Shows that L-G fault occurs between  phase-B 

and ground as  the norm of phase-A current crossed the 

threshold value 0.5. 

Result: 

Output = evalfis([ip1(k) ip2(k) ip3(k) ip4(k)], classifier) 

Output 2 shows the occurrence of BG fault. 

The outputs 1 to 9 display different faults according to the 

type of fault. 

VI. CONCLUSION 

This paper represents an application of a wavelet-based 

Adaptive Neuro Fuzzy Inference System (ANFIS) 

technique to the classification of transmission system 

faults. The proposed algorithm is different from 

conventional algorithms that are based on deterministic 

computations on a well-defined model to be protected, 

employing wavelet transform together with intelligent 

computational techniques, such as adaptive neuro fuzzy 

inference system (ANFIS) in order to incorporate expert 

evaluation so as to extract important features from  

wavelet analysis for obtaining coherent conclusions 

regarding fault classification.The simulation results 

shows that the proposed scheme provides a fast, accurate 

and reliable technique for determining fault classification 

for various system conditions. The approach is found to 

be computationally much simpler than the conventional 

and ANN-based approaches which are currently used for 

transient disturbance classification. 
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