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Abstract: Power consumers are always expecting quality and continuous electric supply from utilities
in order to prevent financial losses. Therefore, utilities have to provide high quality and reliableelectric
power supply. For this purpose, an accurate and fast fault diagnosis in distribution systems should be
provided to reduce the customer average interruption duration index. This paper presents an intelligent
technique for fast and accurate fault diagnosis of power distribution systems. The fault diagnosis
functions include correct fault type classification, precise fault location, accurate identification of faulty
protection devices and current operation status of protection devices in a distribution system. To
determine fault types and fault points, the proposed intelligent technique uses post-fault three-phase
root-mean-square currents to train the Sugeno-type parallel-series adaptive neuro-fuzzy inference
system (ANFIS). Meanwhile, the current operating status of protection devices are presented as binary
ones or zeros by ANFIS prediction using fault point geometrical coordinates. The simulation results
show that the technique has an average maximum percentage error of 0.02% for predicting the type
of faults and 2.8% in determining the fault points. Average maximum errors of 0.053 and 0.182 were
obtained for operating status of main and back up protection devices, respectively. The proposed
technique is validated through simulations using the PSS-ADEPT commercial software package. The
results showed thatthe Sugeno-type ANFIS approach provides fast and precise fault diagnosis that can
be implemented in a distribution network.
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INTRODUCTION

Power utilities are looking for better ways to provide high quality and reliable power to their customers.
One of the indices that indicate reliability and quality of power is the customer average interruption index
(CAIDI). Low CAIDI indicates high reliability of service. High reliability can be achieved by developing fast
and accurate fault diagnosis techniques to locate and restore power to the affected areas. If fault symptoms are
known, fault section can be isolated and then repaired immediately to restore power delivery (Brown, 2009).
Accurate fault diagnosis can also minimize power outage time and efficiently manage and record faults.
Currently, most approaches developed for accurate fault diagnosis in distribution systems need improvement
due to time consuming, costly and tedious algorithms or methods used.

Many research works on fault diagnosis incorporate artificial intelligent approaches which process the
information from alarms and protection relays in power distribution and transmission systems(Zhiwei et al.,
2008; Souza et al., 2004; Mohamed andMazumder, 1999; Binh andTuyen, 2006).Sekine et al. (1992) developed
an expert system which was in cooperated with SCADA and EMS to develop a more efficient and precise
centralized fault diagnosis system in transmission networks. The approach registers information such as fault
location, causes of fault and identifies unwanted operation of protection devices. Voltage and current sensors
were installed on transmission lines for real time implementation and this involved a high cost due to sensor
installations. Artificial neural network (ANN) based fault diagnosis method in distribution system was then
developed by Mohamed andMazumder (1999). Here, the purpose of the fault diagnosis was to locate the fault,
identify the faulty protection devices and isolate the faulty sections. Fault location and fault states of lines and
bus sections were obtained using the information from alarm relays. This technique provides effective
information to the operator for decision making but most distribution systems are not completely equipped with
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alarm relays. A combination of ANN and fuzzy logic has been used to process the information from alarms
and protection relays (Souza et al., 2004) for the purpose of identifying the faulted components and faulty line
sections. A wavelet based ANN approach was developed by Silva et al. (2006) for fault detection and
classification. The approach uses oscillographic data from fault recorders and therefore it requires
communication networks between remote power system and digital fault recorders.Jingbo andLonghua(2006)
developed a substation fault diagnosis system using the Petri net theory. In this method, the information from
circuit breakers and faulty protection devices are configured based on mathematical formulations to calculate
the precise fault section. Two Petri net concepts, namely, neural Petri net and fuzzy neural Petri net were used
for locating faultsat the lines or sections(Binh andTuyen, 2006). However, these methods are not suitable for
fault diagnosis in distribution systems due to lack of information of alarm and protective relays.

Sadeh andAfradi(2009) proposed a new and accurate fault location algorithm using adaptive neuro-fuzzy
inference system (ANFIS) for a network with both transmission lines and under-ground cables. It uses
fundamental frequency of three-phase current and neutral current as inputs while fault location are calculated
in term of kilometer distance. Although it has a good performance, there were some imperfections in fault
location due to wide range in kilometer distance. Oliveira (2007) implemented an ANNbased fault diagnosis
method for an unbalanced underground distribution system. The method uses fundamental voltage and current
phasors as inputs to the ANN for locating faults in the line sections. Another ANN based approach which
combines the ant colony optimization algorithm has been developed for fault section diagnosis in distribution
systems (Zhisheng and Yarning, 2007). The method locates faults in terms of the line sections but the exact
fault points are still not known. 

Another scheme for fault diagnosis has been introduced by using various tools such as wavelets, impedance
method and ANN to analyze voltage and current signals which eventually provide information about fault
location in terms of kilometer distance rather than the exact fault point (Salim et al., 2008).  Anoptimization
based fault diagnosis in power system has been developed by analyzing information from alarms and protective
relays to provide information about latest operating status of all components in the system (Zhiwei et al.,
2008). However, this approach is not practical for implementation in distribution systems because there is not
enough information available from protective devices. Thomas and Joseph (2009) implemented a real-time fault
diagnosis system which automatically detects and locates faults in a distribution system. This real-time system
involves installation of detection modules on each line and busbar in which the module consists of voltage and
current sensors and a data processing unit. However, the installation of such modules is considered costly. 
This paper presents a Sugeno-type adaptive neuro-fuzzy inference system (ANFIS) approach for fast and
accurate fault diagnosis in distribution systems. The purpose is to help the operator in getting effective
information when the fault occurs in power system. The information includes fault types, fault point and latest
operating status of protective devices in order to identify faulty devices. The proposed technique considers
basic protection system in a test distribution system and based on the configuration of the system, ANFIS block
sets are created as a fault diagnosis system to classify correct types of fault, precise fault points and identify
accurate faulty devices.

MATERIALS AND METHODS

1. Proposed Fault Diagnosis Method:
Basically, on-line fault diagnosis program manage fault classification, fault location, faulty devices

identification and fault isolation in a distribution system. Some of these distribution systems are equipped with
automated protection system and complicated alarm signals. The signals are interpreted to identify the
symptoms of faults by the operators. However, in most distribution networks, it is difficult to acquire adequate
information from the network due to few installations of alarm and protective relays. Due to this, engineers
cannot solely rely only on the provided alarm signals to identify the faults(Sekine et al., 1992).

Whenever a fault occurs in a distribution system, post-fault threephase RMS currents are recorded and
processed to identify the type and location of fault. From identified fault points, a rule is created to determine
the current operating states of the protective devices. From the protection concept in such a distribution system,
these operating states are analyzed to identify the faulty device and then followed immediately by fault
isolation. The proposed fault diagnosis method considers classifying the type of fault, locating the fault points
and identification of the fault points by using the recorded three phase currents. The type of faults are
represented by integer numbers from 1 to 10, the fault points are calculated in terms of the XY geometrical
coordinates and the current operating states of protective devices are in terms of binary numbers for identifying
the faulty device. Digit ‘1’ represents a faulty device while ‘0’ indicates a non-faulty device. For geometrical
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coordinate fault point location, the test distribution system is drawn in a two dimensional X and Y plane with
possible faults on lines, underground cables or bus bars. The types of faults considered are; A phase to ground
(AG), B phase to ground (BG), C phase to ground (CG), three-phase (3P), A phase to B phase(AB), B phase
to C phase (BC), C phase to A phase (CA), AB phase to ground (ABG), BC phase to ground (BCG) and CA
phase to ground (CAG) faults.

Fig. 1: The test distribution system

2.Test Distribution System:
The IEEE 34-node test distribution system described in Butler andMarotti (2006) is used as a test system

for the proposed fault diagnosis method as shown in Figure 1. The system has a single feeder and eight lateral
lines including four lines in phase B, a line in phase A, a line in combination of phases ABC and B and the
reserve is in phase ABC. The maximum length of the overhead line is 57.7 km from the substation to end of
the feeder with two circuit breakers (CB1 and CB2). The circuit breakers are located at the substation and at
distance 41.5 km from the substation, respectively. There are also nine fuses which are located on each lateral
and one just before end of the feeder. The fuses are labeled as F1, F2, F3, F4, F5, F6, F7, F8 and F9 as
shown in Figure 1. This test distribution system does not have any backup line and radial circuit to restore
power through a second path. Post-fault three-phase RMS currents are collected at the substation with the help
of a metering network while operating status of the protective devices are obtained from the knowledge of
protection system as logical ones or zeros. The backup protection for fuses F5, F6, F7, F8 and F9 is the circuit
breaker, CB2 whereas for fuses F1, F2, F3, F4 and CB2 is the circuit breaker, CB1.

2.1. Fault Diagnosis Algorithm:
Figure 2 shows the proposed fault diagnosis algorithm. The first step in the algorithm is to make a

comparison between the post-fault threephase RMS currents and the pre-fault threephase RMS currents. If the
post-fault current is greater than the pre-fault current in any of the phases, then the system is assumed to be
undergoing a permanent fault at some point of the circuit. The post-fault threephase RMS currents are recorded,
processed and analyzed by the trained ANFIS modules and sub-modules to predict the type of fault which is
in terms of an integer between 1 to 10 and the fault points in terms of geometrical coordinates. These fault
points are analyzed again by the next trained ANFIS modules to produce binary ones and zeros corresponding
to the correct operating states of the main and backup protective devices. Looking at the operating states of
protective devices and backup protective devices, the algorithm can determine faulty and non-faulty devices.
For example, if the state of any backup protective device is ‘0’, then it means that there is no faulty device.
Otherwise, if ‘1’ is encountered for any backup protective device (CB1 or CB2), then specify the protective
device group which is either CB1 group or CB2 group. If any protective device on the group has digit ‘1’,
it means that it is a faulty device.
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3. ANFIS Design for Fault Diagnosis in a Distribution SystemL:
In the implementation of the proposed fault diagnosis method using ANFIS, various designs of ANFIS

block sets are created so as to classify the correct types of fault, identify precise fault points and identify
correct faulty protection devices.

3.1. ANFIS Design for Classifying the Fault Types:
The fault type classification function is implemented based on the concept of hierarchical distribution

ANFIS networks, as shown in Figure 3. It is designed to identify the correct type of fault with minimum
prediction error. The configuration consists of 10 ANFIS blocks to represent each type of fault as an integer
number. For instance, block ANFIS1 shown in Figure 3 predicts value 1 for AG fault and followed by blocks
ANFIS2 to ANFIS10 representing BG, CG, 3P, AB, BC, CA, ABG, BCG and CAG faults, respectively.
Parallel inputs which are post-fault three phase RMS currents are passed to each of these blocks. Then
depending on the type of fault, one of the blocks presents an integer number between 1 and 10 at a time with
a tolerance of ±1%. Table I shows corresponding input and output parameters of each ANFIS module for
classifying the fault types.

Fig. 2: Fault diagnosis algorithm

Fig. 3: ANFIS design for classifying the fault type 
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Table 1: Input/output parameters of the ANFIS modules for classifying the fault types 
ANFIS Models Input Output
ANFIS1 Post-fault three-phase RMS current 1 for AG fault
ANFIS2 “ 2 for BG fault
ANFIS3 “ 3 for CG fault
ANFIS4 “ 4 for 3P fault
ANFIS5 “ 5 for AB fault
ANFIS6 “ 6 for BC fault
ANFIS7 “ 7 for CA fault
ANFIS8 “ 8 for ABG fault
ANFIS9 “ 9 for BCG fault
ANFIS10 “ 10 for CAG fault

3.2.ANFIS Design for Determining Precise Fault Points:
The second function of the proposed fault diagnosis method is to locate precise fault location. Figure

4shows the ANFIS design for determining the precise fault points in terms of geometrical coordinates. The
design consists of 20 ANFIS modules and 20 ANFIS sub-modules. The ANFIS modules include ANFIS11 to
ANFIS20 as section 1and ANFIS21 to ANFIS30 as section 2. Both sections are configured in Matlab for
determining the fault point coordinate X and coordinate Y, respectively according to the type of fault.
Meanwhile, the ANFIS sub-modules have ANFIS11a to ANFIS20a for X points and ANFIS21a to ANFIS30a
for Y points. The purpose of building the sub-modules is to help ANFIS modules to get more precise
prediction up to 2.8% of average maximum percentage error. This is considered as a significant acquisition
in the proposed fault diagnosis method in a test distribution network. The parallel inputs for these modules are
also the post-fault threephase RMS currents. Table II shows the corresponding input and output of each ANFIS
module and sub-module.

Fig. 4: ANFIS design for determining fault points

Table 2: Input/output parameters of the ANFISsub-modules for fault points determination
ANFIS Models Input Outputs
ANFIS11 Post-fault three-phase RMS current X point for AG fault
ANFIS20 “ X point for CAG fault
ANFIS21 “ Y point for AG fault
ANFIS30 “ Y point for CAG fault
ANFIS11a “ X point for AG fault
ANFIS20a “ X point for CAG fault
ANFIS21a “ Y point for AG fault
ANFIS30a “ Y point for CAG fault

3.3.ANFIS Design for Identifying Faulty Protection Devices:
The third function of the proposed fault diagnosis method is identification of faulty protection devices in

the distribution system when the fault occurs at random points on the system. The identification of faulty
devices uses current operating states of protection devices and their backup protection. The states are
represented by binary number ‘1’ for currently operated devices or ‘0’ for non-operated devices. From the fault
location function described previously, XY coordinates are used as inputs to this ANFIS design and it
processes the data to predict an appropriate binary number as shown in Figure 5. The technique is configured
in such a way that blocks ANFIS 31 to ANFIS 41 can predict the operating states of respective circuit
breakers, CB1, CB2 and fuses, F1, F2, F3, F4, F5, F6, F7, F8 and F9. These devices protect the feeder line
or laterals shown in Figure 1. In addition, there is also backup protection which coordinates CB1 for F1, F2,
F3, F4 and this backup is called as CB1 group. Meanwhile, F5, F6, F7, F8 and F9 are coordinated by CB2
and called as CB2 group. The operating states of the backup devices are predicted by the respective blocks,
namely, ANFIS42 and ANFIS43. From the output of these blocks, fault diagnosis system shown in Figure 2
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can identify the faulty devices. Table III shows corresponding input and output of each ANFIS module for
identifying correct faulty device.

Fig. 5: ANFIS design for identifying faulty protection devices

Table 3: Input/output of the ANFISmodules for identifying faulty devices
ANFIS Models Input Outputs
ANFIS31 Fault points in terms of X, Y coordinates 1 or 0
ANFIS41 “ 1 or 0
ANFIS42 “ 1 or 0
ANFIS43 “ 1 or 0
Operating device
Non-operating device

4. ANFIS Implementation for Fault Diagnosis:
Fast and accurate fault diagnosis system was developed consisting of 10 ANFIS blocks for classifying

correct types of fault, 40 ANFIS modules for determining precise fault points and another 13 ANFISs for
identifying faulty protective devices. These ANFIS block sets are the Sugeno-type and they are configured in
Matlab software. The basic ANFIS structure has multiple inputs and single output and it consists of five main
processing stages, namely, input fuzzification, application of fuzzy operator, application method, output
aggregation and defuzzification (Rasli et al., 2009). The ANFIS training method was carried out using the
hybrid learning algorithm that combines the least-squares estimation and the gradient descent method (Rasli
et al., 2009). There is another ANFIS structure known as the Mamdani-type ANFIS but the most accurate
results were obtained with the Sugeno-type ANFIS and therefore the Sugeno-type ANFIS is chosen for this
implementation.

Firstly, ANFIS models are trained according to a given training data set before implementing the proposed
fault diagnosis. There are several steps in the training process described as follows;

1. Prepare the selectedtest distribution system shown in Figure 1.
2. Simulate the test distribution system by considering 10 types of faults having different fault resistances

of 0Ω, 0.5Ω, 5Ω, 10Ω, 30Ω and 40Ω, respectively and  record the post-fault three-phase RMS currents
after each simulation. There are about 59, 58 and 51 points for the respective A phase, B phase and C
phase to ground faults while there are 51 points for other fault types. Therefore, the total number of
simulations is about 1365.

3. Classify the recorded data as inputs and outputs to train the ANFIS modules ANFIS1 to ANFIS30.
4. Train 50% of the data sets and the rest reserve for testing. Training and testing data sets are shown in

Table IV and the training accuracies are shown in Table V.
5. Manage the predicted coordinates X and Y and correct operating states of protective devices as input and

output, respectively for the next ANFIS modules ANFIS31 to ANFIS43.
6. Train 70% of the data sets in (v) and the rest reserve for testing. Training and testing data sets for

ANFIS31 to ANFIS 43 are shown in Table IV and training accuracies are given in Table V.

Table 4: Composition of training and testing data sets
ANFIS models Total no. of generated data set Training data set Testing data set No. of ANFIS input No. of ANFIS output
ANFIS1,11,21 336 168 168 3 1
ANFIS2,12,22 342 171 171 3 1
ANFIS3,13,23 288 144 144 3 1
ANFIS4-ANFIS10 48 24 24 3 1
ANFIS14-ANFIS20 48 24 24 3 1
ANFIS24-ANFIS30 48 24 24 3 1
ANFIS31-ANFIS43 1302 911 391 2 1
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Table 5: ANFIS Training accuracy
ANFIS Models Epoch RMS error ANFIS Models Epoch RMS error ANFIS Models Epoch RMS error
ANFIS1 18 3.6E-5 ANFIS16 99 0.62 ANFIS31 2500 0.116
ANFIS2 18 6.9E-5 ANFIS17 84 0.67 ANFIS32 2000 0.187
ANFIS3 18 2E-4 ANFIS18 45 0.11 ANFIS33 500 0.024
ANFIS4 10 5.4E-5 ANFIS19 20 0.13 ANFIS34 500 0.008
ANFIS5 6 3E-4 ANFIS20 97 0.19 ANFIS35 2000 0.072
ANFIS6 18 2E-4 ANFIS21 12 0.44 ANFIS36 500 0.047
ANFIS7 10 1E-4 ANFIS22 100 0.93 ANFIS37 500 0.038
ANFIS8 8 5E-4 ANFIS23 1 0.6 ANFIS38 500 0.085
ANFIS9 20 6E-4 ANFIS24 29 0.95 NAFIS39 2500 0.102
ANFIS10 12 7E-4 ANFIS25 79 0.32 ANFIS40 1500 0.119
ANFIS11 100 0.35 ANFIS26 100 0.76 ANFIS41 1500 0.132
ANFIS12 100 0.96 ANFIS27 3 0.83 NAFIS42 2000 0.2
ANFIS13 100 0.74 ANFIS28 100 0.29 ANFIS43 2000 0.17
ANFIS14 100 0.78 ANFSI29 100 0.23
ANFIS15 93 0.26 ANFIS30 2 0.33

RESULT AND DISCUSSIONS

The performance of the ANFIS based fault diagnosis method is tested in terms of computational time and
prediction accuracy for every trained ANFIS models. The time taken is about 9 second for executing all the
functions of the fault diagnosis program when a computer with Intel(R) Core (TM) 2 Quad CPU Q6700 @
2.67 GHz is used. The ANFIS testing accuracies are presented in terms of percentage errors for classifying
types of fault and locating the fault points as shown in Figures 6 to 8. However, the ANFIS testing accuracies
presented in terms of absolute errors for predicting the operating states of protective devices are as shown in
Figures 9 to 10. The percentage error and absolute error are calculated by using,

         (1)

Error = Actual target value – Predicted value          (2)

Fig. 6: Percentage errors between actual targets and predicted value for classifying types of faults

From Figures 6 to 8, it can be found that the average maximum percentage errors for classifying the fault
types and fault points are 0.02% and 2.8% respectively. The highest errors in Figures 7 and 8 are for single
phase faults compared to other fault types. This may be due to the large variation in output data due to many
fault points. However, these percentage errors are considered acceptable when compared to the published results
in Thukaram et al. (2006) and Reddy andMohanta (2006). The average maximum absolute errors noted for
predicting the operating states of main and backup protection devices are 0.053 and 0.182, respectively as
depicted in Figures 9 and 10. The overall prediction accuracy is acceptable for predicting the operating states
of main and backup protection devices. 
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Fig. 7: Percentage errors between actual targets and predicted points for locating faults in the X coordinates

Fig. 8: Percentage errors between actual targets and predicted points for locating faults in the Y coordinates

Fig. 9: Absolute errors between actual targets and predicted points for correct operating states of main
protection devices

Fig. 10: Absolute errors between actual targets and output points for correct operating states of backup
protective devices 

The proposed Sugeno-type ANFIS for fault diagnosis is compared with the previous method that utilizes
ANN (Salim et al., 2008; Oliveira, 2007; Souza et al., 2004; Zhisheng and Yarning, 2007; Mohamed
andMazumder, 1999; Silva et al., 2006; Butler et al., 1997). The comparison is made to demonstrate the
effectiveness of the proposed ANFIS method. A comparison in terms of percentage errors in fault type
classification and XY coordinate fault location using ANFIS and ANN methods are presented as in Figures
11 to 13, respectively. From the figures, the ANN method has much higher percentage error (0.058%)
compared to the proposed ANFIS method (0.038%).
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Fig. 11: A comparison of percentage errors between proposed ANFIS and ANN methods for classifying types
of faults

Fig. 12: Percentage errors between proposed ANFIS and ANN methods for locating fault point in coordinate
‘X’

Fig. 13: Percentage errors between proposed ANFIS and ANN methods for locating faults in coordinate ‘Y’

A comparison is also made between the ANFIS and ANN methods in terms of absolute errors for
predicting the correct operating states of main and backup protection devices as shown in Figures 14 and 15,
respectively. The ANN method gives absolute maximum errors of 0.55 and 0.18 for predicting operating states
of main and backup protection devices, respectively as shown in Figures 14 and 15.The average maximum
errors for predicting the correct operating states of main and backup protection devices are 0.236 and 0.521,
respectively. 

Conclusion:
This paper presented the application of the Sugeno-typ ANFIS for fast and accurate fault diagnosis in a

distribution system. The proposed fault diagnosis considers three 3 functions namely, fault type classification,
fault point location and faulty protection deviceidentification. It uses only three-phase post-fault RMS currents
as inputs for classifying fault types and locating the fault points. Then, the obtained fault points are used for
identifying the correct operating states of main and backup protection devices. The overall result shows that
the ANFIS approach can produce fast and accurate fault diagnosis in the IEEE 34 bus test distribution system
when compared with the actual targets obtained from the PSS-ADEPT simulations. In view of the
computational time, the proposed fault diagnosis approach takes only 9 seconds to perform all the diagnostic
functions. 
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Fig. 14: Absolute errors between proposed ANFIS and ANN methods for predicting operating states of main
protection devices

Fig. 15: Absolute errors between proposed ANFIS and ANN methods for predicting operating states of
backup protection devices
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