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1. Introduction
Fault diagnosis in power distribution system is an initial action in preventing power
breakdown that will affect electrical consumers. Power utilities need to take proactive plan
to ensure customer satisfaction and continuous power supply. Power breakdown is a
problem to utilities as well as energy users and there are a lot of factors that can cause
interruption to the power system. Power distribution system is exposed to approximately
80% of overall faults that come from a wide range of phenomena including equipment
failure, animals, trees, severe weather and human factors (Marusic & GruhonjicFerhatbegovic, 2006). Whenever any of these factors befall the power system, costumers will
experience power failure which will disturb their daily transactions. Since customers need
smooth and reliable power supply, utilities have to develop an electrical power that has
quality, reliability and continuous availability; they are responsible for the planning of
power restoration properly in order to maintain high market place. Most engineers in power
distribution system have decided that power breakdown is related to system reliability
issues (Richard, 2009).
One problem when breakdown occurs is the long time taken to provide reenergized power
after fault. To quote some examples are the power breakdown that occurred in Keningau,
Sabah, East Malaysia on July 5, 2009 in which about 2 to 3 hours were taken for repairing. A
power failure also happened in Lembah Klang, West Malaysia on January 13, 2005 for 5
hours that affected many industries (Fauziah, 2005). In Cameron, Middle of Africa, the
engineers had taken 2 hours to detect the fault location in AES-SONEL Ngousso substation
on April 2006 (Thomas & Joseph, 2009). This phenomenon has to be considered seriously by
power utilities so as to overcome frequent breakdowns and provide power restoration plan
effectively. If they are unable to solve the problem effectively, they will lose consumers’
confidence and power system maintenance will highly increase. In addition, power system
that has low reliability encourages repeated significant faults. The faults require time for
restoration. There is an index to control the duration within power interruption, which is
called the customer average interruption duration index (CAIDI). Therefore, power utilities
are urged to aim for low index value so that the system reliability can be maintained
(Richard, 2009).
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The first step for implementing power restoration plan is by developing a precise and an
accurate fault diagnosis in power distribution system. Usually, fault diagnosis involves
several tasks such as fault types classification, fault location determination and power
restoration plan. Firstly, the types of fault must be classified. Then, the fault location can be
determined accordingly. The fault location in power distribution system is very important in
order to plan power restoration through power system reconfiguration by using operational
states of circuit breakers (CB) and line isolators (LI). With such plan, it can fully help power
operators to make a decision immediately for further action in power restoration.
The remaining parts of the chapter are organized as follows. Section 1 explains the
introduction of the chapter followed by the literature review in Section 2. In Section 3, the
concept of adaptive neuro-fuzzy inference system is addressed clearly. Next the ANFIS
design for fault types classification and fault location determination is described in
Section 4. The results of fault diagnosis are presented in Section 5. Finally conclusions are
given in Section 6.

2. Literature review
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 & Mazumder, 1999;
Binh & Tuyen, 2006). An expert system has been implemented in cooperation with SCADA
and EMS to develop a more efficient and precise centralized fault diagnosis system in
transmission networks (Sekine et al., 1992). The approach registers information such as fault
location, causes of fault and identifies unwanted operation of protection devices. Voltage
and current sensors are installed on transmission lines for real time implementation and this
involves a high cost. Artificial neural network (ANN) based fault diagnosis method in the
distribution system is then developed to locate the fault, identify the faulty protection
devices and isolate the faulty sections. Fault location and fault states of lines and bus
sections are obtained using the information from alarm relays (Mohamed & Mazumder,
1999). This technique provides effective information to the operator for decision making but
most distribution systems are not completely equipped with 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 faulty
components and line sections. A wavelet based ANN approach is developed for fault
detection and classification (Silva et al., 2006). The approach uses oscillographic data from
fault recorders and therefore requires communication networks between remote power
system and digital fault recorders. A substation fault diagnosis system has been developed
using the Petri net theory (Jingbo & Longhua, 2006). 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 are used for locating faults at the lines or sections (Binh
& Tuyen, 2006). However, these methods are not suitable for fault diagnosis in distribution
systems due to lack of information of alarm and protective relays.
A new and accurate fault location algorithm using adaptive neuro-fuzzy inference system
(ANFIS) has been developed for a network with both transmission lines and under-ground
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cables (Sadeh & Afradi, 2009). It uses fundamental frequency of three-phase current and
neutral current as inputs while fault location is calculated in terms of distance in kilometer.
Although it gives a good performance, there are some imperfections in the fault location due
to the wide range in distance. An ANN based fault diagnosis method has been implemented
in an unbalanced underground distribution system (Oliveira, 2007). 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 the distribution systems
(Zhisheng & Yarning, 2007). The method locates faults in terms of the line sections but the
exact fault points are still not known.

3. The concept of adaptive neuro-fuzzy inference system
Adaptive neural fuzzy inference system (ANFIS) is based on fuzzy logic modeling and uses
artificial neural network as the learning algorithm. The system can teach, change the data
environment or respond to the remote stimulus for adapting to the change of data
environment (Michael, 2005). ANFIS produces constant and linear target by using respective
zero and first-order polynomial equations and is also known as a Sugeno-type of fuzzy
inference system (FIS).
ANFIS approach targets only one output from several given inputs. The target is
manipulated through the performance of the membership function curve according to a
particular data input. The curve parameters are identified based on the respective weighted
values via the product in between the created learning rules. A ratio between the individual
and overall weighted values is calculated. The ratio is gained by using the parameters of
output membership function then, finally ANFIS predicts the target by producing an overall
gained value as an output. Membership function parameters in input and output sides are
adjusted through a learning process to get the targeted values. ANFIS uses hybrid algorithm
that consists of a combination between back-propagation and least-square estimation
techniques (Jang, 1993). The techniques are implemented in artificial neural network as a
learning algorithm that gives very fast convergence and more accurate in ANFIS target.
3.1 ANFIS’s learning processes
The ANFIS model exhibits a predicted target whenever it is trained by using at least two
columns of data. The last column is the target data and also as an output of the trained
ANFIS, while the rest of the columns are the input data. Thus, an ANFIS structure has a
single output with at least one column of input data. For the best prediction and high
reliability of its performance, the model needs more elements in the column of the input
data. However, this situation will also cause the processing time for learning to be slow.
For that reason, the ANFIS has to be configured in a high speed processor. Every element
in each row of the input data is called data variable in which the linguistic values of the
relationship between them is by the rule of ‘IF-THEN’. A total of the rule is proportional
to the membership function value and the number of column data is linked by the
following equation:
FD = P
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where,
D : Total number of column for the input data
F : Number of membership functions
P : Number of rules
The data is classified as training data and testing data in ANFIS’s learning process. Testing
data should be in the range of training data for the purpose of testing procedures. The number
of training epoch also gives a good result in predicting the target. Accurate targets consider a
minimum prediction error from the result of ANFIS training. The error can be reduced by
adjusting the variable membership function (MF) and epoch parameters. With increasing in
number of MF and epoch, the error will reduce accordingly. Sometimes, no reducing in error
can be noticed even though the epoch was increased up to 5000 and above. This is due to the
way the data is assembled. Therefore effective input data assembly will result good prediction.
For this work, effective configuration of the data has been reached by preparing a wide data
range between their elements and arranging the data from small to large values.
During the training process, MF parameters are varied so as to yield the ANFIS’s output
as target values. The minimum error percentage is a small difference between target and
prediction values and it is used to measure the success level of a training process. ANFIS
performs a hybrid learning algorithm in the training process which is a combination of
two algorithms namely back-propagation and least square estimate (Jang, 1993). The
hybrid method improves the bad features of individual algorithm and both are popular in
ANN implementation.
In hybrid learning algorithm, MF parameters are adjusted to identify the best prediction
value. The parameters determine the size of MF curve as shown in Fig.1. The curve of ‘gbell’
shape has been selected in the learning process due to its high performance in giving a
precise prediction (Jang, 1993). There are MF curve in input and output parts of ANFIS
model. Back-propagation algorithm takes responsibility to vary MF parameter in input side
of the model, whereas least square estimate (LSE) takes into consideration on the output
side as a linear line. In MF parameters, the input side varies, whereas for output, they are
static and vice versa.
MF
1.0
slope=-bi/2ai
0.5
0

ci-ai

ci

ci+ai

x

2ai
Fig. 1. Gbell shape for MF curve in input side
The prediction values are performed after the MF parameters in both sides of the ANFIS
model converge the values according to the given training epoch (Mitra et al., 2008). Fig.2
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and 3 show the effect of different epoch and change of MF curve’s shape with respect to the
prediction error in initial and final learning process.

1
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-1
Data
100 epochs

500 epochs

Fig. 2. Prediction errors according to different training epoch

(a)

(b)

Fig. 3. (a) Initial stage and (b) MF curve of input side on final stage
ANFIS’s learning process can be implemented easily by using the provided source code in
Matlab such as ‘newfis’, ‘evalfis’ and editfis’. A trained ANFIS model is formatted with a file
extension of ‘.fis’ to represent an ANFIS module. On the other hand, the file is represented
as a module for a particular task where all modules are configured accordingly based on a
hierarchy layout to form a fault diagnosis system in power distribution network. The ‘.fis’
file is also a flexible module that can reform when the data changes or new data is added
without restructuring the model physically. ANFIS has a capability of producing very fast
result in prediction even when handles a large size of input data. Therefore, the system is
compliable to most application especially in adaptive control as well as ANFIS in
implementing fault diagnosis. Each ANFIS module for a particular task is programmed by
using source codes in Matlab. The programming is developed for every task in fault
diagnosis and then the tasks are integrated in another programming to perform a simulation
tool for fault diagnosis in power distribution network.
3.2 Development of ANFIS model
A basic ANFIS model is shown in Fig.4 in which the model is illustrated in five blocks of
learning stages. This model is an example of ANFIS development model for power
restoration plan that consists of two inputs and two membership functions. So, there are
four fuzzy ‘IF-THEN’ rules to show the relationship between fault locations in ‘x, y’
coordinates and it also shows the operational status of CB and LI in the power distribution
network. So, the target is ‘1’ for operating while ‘0’ for non-operating state of the devices.
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In this chapter, an ANFIS model has been developed with 27 fuzzy ‘IF-THEN’ rules for the
task of power restoration plan as shown in Fig.5 and 8 rules in determining the fault
location. Since, the number of block functions represent the rules for every input data, it is
difficult to describe the operational process of the model due to lack of space. However, a
basic ANFIS model is shown in Fig.4 for that purpose. There are five stages of ANFIS
operational process that includes fuzzification, ‘IF-THEN’ rules, normalization, defuzzification and neuron addition.

x

X1

R1

N1

G1

X2

R2

N2

G2

Y1

R3

N3

G3

N4

G4

OT

Neuron
Addition

y
Y2
Fuzzification

R4
‘IF-THEN’

Normalization

Defuzzification

Fig. 4. A basic ANFIS model with two inputs data and two MFs.

Fig. 5. An ANFIS model structure for the task of power restoration plan
3.2.1 Fuzzification
Referring to Fig.4, the fuzzification stage is located at the first stage of receiving of the
input signal. Its function is to convert the input signal to fuzzy signal in which the signal
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is yielded via the input side of the MF curve. The curve is performed by using the
following equations:
x =
Y y =

1
x− c
1+
a

(2)

1
y − c
1+
a

(3)

where, Xi(x) and Yi(y) are fuzzied values for each input data, whereas ai, bi and ci are MF
parameters for respective representative of middle, width and slope of the curve as shown in
Fig.1. These parameters are varied accordingly to get a suitable curve in order to get fuzzy signal.
3.2.2 Stage of ‘IF-THEN’ rule
An output signal from the fuzzification stage becomes an input to the stage of the ‘IF-THEN’
rule. In this stage, the fuzzy signal is gained by using equation (4) up to (7).
R1 = X1(x) × Y1(y)

(4)

R2 = X1(x) × Y2(y)

(5)

R3 = X2(x) × Y1(y)

(6)

R4 = X2(x) × Y2(y)

(7)

R1, R2, R3 and R4 are real values for every ‘IF-Then’ rule.
3.2.3 Normalization
Next, the output signal from the stage of ‘IF-THEN’ rule will be an input signal to the
normalization stage. In this stage, every gained signal are divided to the total of gained
signal by the following equation,

where, RT = R1 + R2 + R3 + R4

N =

R

R

i = 1, 2, 3, 4

(8)

3.2.4 Defuzzification
The next process is signal defuzzification in which the output signal from the normalization
stage becomes an input signal to this defuzzification stage. In this stage, a normalized signal
is gained again through a linear equation that is formed from the MF of the output signal as
shown in the following equation,
G = N px+ q y+ r

i = 1, 2, 3, 4

with pi, qi and ri being the MF parameters for the linear signal.
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3.2.5 Neuron addition
The last process in the ANFIS operation is called neuron addition in which all
defuzzification signals, Gi are added together as shown below:

OT is a predicted value.

OT = ∑ G

i = 1, 2, 3, 4

(10)

3.3 Good features of the ANFIS
The advantages of ANFIS are compared to other artificial intelligent techniques such as an
artificial neural network (ANN) and an expert system (ES). The advantages are as follows; i)
ANFIS gives a high precision in classification and prediction models. This precision when
compared to the index error that is presented between ANFIS and ANN show the error of 0.036
and 0.32 respectively (Jang, 1993). ii) ANFIS has adaptive features to solve wrong data problem
that involves new power network configuration. The scenario is rather difficult to solve using
expert system due to fixed rules. iii) ANFIS has an effective learning process on the training
data while considering optimization in its implementation (Jang, 1993; De Souza et al., 2003).

4. The ANFIS design for fault types classification and fault location
determination
The development of fault diagnosis in power distribution network implements the ANFIS
approach because of its compact structure, very fast training process and precise prediction.
A developed fault diagnosis requires a compact ANFIS model development with significant
tasks. The tasks involve fault types classification, fault location determination and
identification of an operational state of CB and LI for power restoration plan. Every task is
represented by an ANFIS model that is structured based on a hierarchy of power
distribution network. Post-fault three-phase root mean square (RMS) current is applied to
the model to produce the respective task at the output. For the purpose of developing fault
diagnosis in power distribution network, such fault current is only used as the model input.
If a measured current is more than the current without fault in a network, surely there is
some fault in the power network. Fig.6 shows a block diagram of the fault diagnosis
development that consists of four ANFIS modules. The modules are stated as ANFIS1 to
ANFIS4 when representing the diagnosis tasks. From the figure, post-fault 3-phase current
from the faulty power network is injected to ANFIS1 that is responsible for predicting the
target in integer 1 to 10 when representing the types of fault.
Meanwhile, fault location is identified according to geometry coordinates. The same fault
current as an input to the ANFIS1, is also applied to ANFIS2 and ANFIS3 modules in which
they are developed to produce the output in X and Y coordinates respectively. In other
words, the modules represent precise fault point in the power network. The technique of
geometry coordinate gives better accuracy in producing the fault location compared to the
cut-off faulty line approach (Butle-Pury & Moratti 2006). Furthermore, Fig.6 shows a
position of ANFIS4 module for restoration power plan in the network. The input signal to
this module is from fault location identification whereas the operational states of CB and LI
are the module output. The states are considered for the purpose of determination of a new
power network configuration. Faulty lines must be isolated before proceeding to the power
restoration plan. Binary codes are used to show the states in which digit ‘1’ represents CB
and LI in ‘close’ whereas digit ‘0’ is in ‘open’ switch.
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Start
Determine the fault in
power distribution network

Classify the types of fault
by using ANFIS1 module
1

Identify the fault location
ANFIS2
ANFIS3

10

X

Y

Plan the power restoration
by using ANFIS4
1 or 0
Fig. 6. A block diagram of the procedures in fault diagnosis system
4.1 Fault types classification
Usually, the types of power fault are classified accordingly such as a phase to ground, a
phase to phase, two phases to ground and three-phase faults. Fig.7 shows ANFIS1 module
Start

Record the three-phase RMS post-fault current (IF)
and three-phase RMS current without fault (IU)

No

Is IF >> IU ?
Yes

Develop ANFIS1 module for classifying the
types of fault in terms of integer 1 to 10

End
Fig. 7. A procedure in fault types classification
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development that is responsible for the task of predicting various types of fault in terms of
integer 1 to 10 as follows, 1- red phase to ground fault (AG), 2 – yellow phase to ground
fault (BG), 3 – blue phase to ground fault (CG), 4 – Three-phase fault (3P), 5 – red phase to
yellow phase fault (AB), 6 – yellow phase to blue phase fault (BC), 7 – blue phase to red
phase fault (CA), 8 – red and yellow phases to ground fault (ABG), 9 – yellow and blue
phases to ground fault (BCG), 10 – blue and red phases to ground (CAG).
4.1.1 ANFIS1 design for fault types classification
Fig.8 shows the design of an ANFIS1 model that is structured according to the type of fault
and represented by the integers 1 to 10. The model consists of ten ANFIS modules which are
labeled as ANFIS1-1 to ANFIS1-10. The first module conducts A phase to ground fault (AG)
prediction in integer 1 and follows by ANFIS1-2 in integer 2 for ‘BG’, ANFIS1-3 in integer 3
for ‘CG’ and so on. ANFIS1-4 to ANFIS1-10 modules represent respective 3P, AB, BC, CA,
ABG, BCG and CAG faults. Table 1 shows some relationship parameters between the input
and output of ANFIS1’s signals.
Post-fault
3-phase
RMS current

Post-fault
3-phase
RMS current

ANFIS1-1

ANFIS1-2

ANFIS1-10

AG fault (1)

BG fault (2)

CAG fault (10)

Post-fault
3-phase
RMS current

Fig. 8. ANFIS1 design for fault types classification
ANFIS modules
ANFIS1-1
ANFIS1-2
ANFIS1-3
ANFIS1-4
ANFIS1-5
ANFIS1-6
ANFIS1-7
ANFIS1-8
ANFIS1-9
ANFIS1-10

Input
Post-fault 3-phase RMS current
“
“
“
“
“
“
“
“
“

Output
1 – AG fault
2 – BG fault
3 – CG fault
4 – 3P fault
5 – AB fault
6 – BC fault
7 – CA fault
8 – ABG fault
9 – BCG fault
10 – CAG fault

Table 1. Input and output parameters from every ANFIS1 module.
4.1.2 A Procedure for classifying the types of fault
Fig.9 shows a procedure for classifying various types of fault in power distribution network
through developing an ANFIS1 model. The first step is the preparation of power network in
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XY coordinate layout. The selected power distribution network is a 47 buses practical
system. Then, by using the commercial software of PSS-ADEPT, the network is analyzed to
record a post-fault 3-phase RMS current for each identified fault point. These points are fault
location in XY coordinates for every feeder and radial lines including loads. The post-fault
current data is used to train ANFIS1-1 to ANFIS1-10 modules according to respective target
output that are integers 1 up to 10. The integers are representative of 10 types of fault. There
are 163 selected coordinates for fault points with two fault resistors in the 47 buses practical
power network. Therefore, it has about 2462 simulations in generating the data set. Table 2
shows a distribution data for training, testing and classifying the types of fault in the
practical system.
Select the power distribution network

SIMULATION PROCESS
Consider 10 types of fault with fault resistors of 30Ω and
40Ω (AG, BG, CG, 3P, AB, BC, CA, ABG, BCG and CAG)

Record post-fault 3-phase RMS current

Train the post-current as an input and the output in
integer 1 to 10 for developing ANFIS1 module
1

10

Fig. 9. A procedure for developing ANFIS1 in fault types classification
ANFIS1 module

Generated
data set

Trained
data set

ANFIS1-1 to ANFIS1-3
ANFIS1-4
ANFIS1-5 to ANFIS1-10

465
177
182

445
157
162

Number of
ANFIS
input
3
3
3

Number of
ANFIS
output
1
1
1

Table 2. The training and testing data for classifying the types of fault in a 47 buses practical
system
4.2 Fault location identification
Referring to Fig.10, ANFIS2 and ANFIS3 are developed to identify fault location in
respective X and Y coordinates. According to previous literature, most of the methods in
identifying the fault location for power distribution network are in fault distance from a
substation or zone. This approach considers geometrical coordinates in determining fault
location in which it produces more accurate and precise fault location identification. From
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Fig.10, three-phase RMS post-fault current with (IF) and without (IU) fault are compared to
investigate the fault in the power system. If current is IF higher than current IU, the current IF
is recorded with the merging fault type.
Start

Record the three-phase RMS post-fault current (IF)
and three-phase RMS current without fault (IU)

No

Is IF >> IU ?
Yes

Develop ANFIS2
module for identifying
the fault location in
term of X coordinate

Develop ANFIS3
module for identifying
the fault location in
term of Y coordinate

X

Y

Fig. 10. A procedure for identifying fault location
4.2.1 ANFIS2 and ANFIS3 designs for identifying fault location
The structure of ANFIS2 and ANFIS3 are configured according to selected fault points as
shown in Fig.11. For a 47 buses practical system, there are 163 fixed fault points with 64 ‘X’
coordinates and 45 ‘Y’ coordinates. Thus, the total coordinate point is 109. Those points are
Post-fault
three-phase
RMS current

Post-fault
three-phase
RMS current

Post-fault
three-phase
RMS current

Post-fault
three-phase
RMS current

STKNA2-1

STKNA2-64

STKNA3-1

STKNA3-45

0.3

5.2

1.7

9.1
64 ‘X’ coordinates

45 ‘Y’ coordinate

Fig. 11. ANFIS2 and ANFIS3 design for identifying fault location in a 47 buses practical system
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represented by each ANFIS module. ANFIS2 consists of 64 modules that are labeled as
ANFIS2-1 up to ANFIS2-64 whereas for ANFIS3, its total module is 45 from ANFIS3-1 to
ANFIS3-45. The signal input to the ANFIS2 and ANFIS3 is a three-phase RMS post-fault
current while the signal output is in terms of X and Y coordinates respectively as shown
in Fig.11. Table 3 shows the input and output parameters of the 47 buses practical
system.
ANFIS module

Input

Output

ANFIS2-1

Post-fault 3-phase RMS current

1.7

ANFIS2-64

“

9.1

ANFIS3-1

“

0.3

ANFIS3-45

“

5.2

Table 3. Input and output parameters of ANFIS2 and ANFIS3 for identifying fault location
in a 47 buses practical system
4.2.2 A procedure for identifying fault location
The procedure for locating fault in a power distribution network by the implementation of
ANFIS2 and ANFIS3 modules is clearly shown in Fig.12. The first stage is a selection of
power network for testing. Then the network layout is drawn in XY plane for locating the
selected fault points along the feeder and radial lines. Fig.13 presents an example of the
layout. The detail specification of the network is in the next sub-section. This network layout
is embedded in fault analysis simulation software such as PSS-ADEPT to collect the fault
current data at each fault point.
Next, the three-phase RMS post-fault current is collected at the main substation through a
simulation of fault analysis to the selected power distribution network. The fault analysis
is applied to every point of the fixed coordinates while considering 10 types of fault and
several fault resistors (Rf). For example, by using three fault resistors and 163 fault points,
there are 1335 simulations for single fault to ground and about 486 simulations for double
fault to ground. Meanwhile, about 643 simulations are required for phase to phase and
three-phase faults. Therefore, the total simulation is about 2464 for power distribution
network in the 47 buses practical system. The data collected is arranged in such a way that
it has three columns of input parameters and one column of target values. The target is
either X or Y coordinates in which they are used to train ANFIS2 and ANFIS3
respectively.

www.intechopen.com

328

Fuzzy Inference System – Theory and Applications

By identifying the fault location in terms of ‘XY’ coordinates, more precise and accurate
location not only in terms of distance from the feeding substation can be yielded. The
structure of ANFIS2 and ANFIS3 are quite simple so they undergo a very fast process in the
training stage. However, the simulation process should be done repeatedly due to too much
fixed fault points in selected power distribution network. If any network has more feeder
and radial lines with long line distance, the fault point should also be more. Thus, the
number of ANFIS models will also increase.

Select the power distribution network

SIMULATION PROCESS
Consider 10 types of fault with fault resistors of 30Ω and
40Ω (AG, BG, CG, 3P, AB, BC, CA, ABG, BCG and CAG)

Record post-fault 3-phase RMS current
according to fault points

Train the post-current as an input and the output in X and Y
coordinates for developing ANFIS2 and ANFIS3 modules
X
1.7

Y
9.1

0.3

5.2

Fig. 12. A procedure for developing ANFIS2 and ANFIS3 in fault location identification
4.2.3 The 47 buses practical system
A single line diagram of the 47 buses practical system is illustrated in Fig.13. The system has
seven 11 kV feeders and four 33 kV feeders including 87 CBs and 9 LIs in 11 kV feeder. In
this chapter, only 11 kV feeders are used for simulating and testing in order to observe the
performance of the developed fault diagnosis system. There are about 2464 line data of
three-phase RMS post-fault current that is recorded during the simulation stages. Bus B1 is a
power source bus in which it is located on coordinate (1, 2.2) while a monitoring bus B2 is
coordinated on (1.8, 2.7). B2 is used for recording the three-phase RMS post-fault current
during fault.
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4.3 Power restoration plan
Power restoration is a very important consideration in the development of fault diagnosis
system especially in a distribution network. Hence, easy and fast action must be taken
seriously to plan a power restoration procedure so that the power can be reenergized
immediately in a safe and proper manner. This problem can be solved using the ANFIS
approach by applying the operational states of CB and LI as shown in Fig.14. This simple
technique uses only fault points in XY coordinates and the target is in operational states of
CB and LI. These parameters are trained to develop the ANFIS4 model. The power
restoration plan considers some requisite processes before developing the ANFIS4
module which are as follows: make sure the power network has a support feeder or a
radial that is the nearest to fault feeders. No service loads due to line isolation (NSL) must
be calculated in volt-ampere (VA). In addition, the total of loads in the supported feeder
(TSL) and actual capacity of the feeder (CSF) should be defined clearly. If NSL is smaller
than the differentiation between CSF and TSL, the power restoration plan will be carried
to the next action.

Identify fault location in XY coordinate

Isolate the line feeder or radial fault with
minimizing involved loads

Determine the following items:
1 – No service loads in VA (NSL)
2 – Total of loads in supported feeder (TSL)
3 – Actual capacity of the supported feeder (CSF)

Develop ANFIS4
module to identify
operational states of
CB and LI for
power restoration
plan

CSF - TSL = Q

NO

YES
Is NSL < Q ?

YES
Is there another
support feeders ?

NO

Fig. 14. A procedure for planning power restoration
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4.3.1 ANFIS4 design for planning power restoration
Fig.15 shows an ANFIS4 design in a power restoration plan in a 47 buses practical system.
The design has 93 modules namely ANFIS4-1 to ANFIS4-93 according to the total of CB and
LI in the power network. The input and output data to the ANFIS4 are XY coordinates and
binary number respectively. The binary represents the operational states of CB and LI as
listed in Table 4. Digit ‘1’ indicates ‘close’ position while ‘0’ is for ‘open’ position.
XY
coordinate
ANFIS4-1

CB1

XY
coordinate

XY
coordinate

ANFIS4-63

ANFIS4-64

CB63

LI1

XY
coordinate
ANFIS4-93

LI30

Fig. 15. ANFIS4 design for power restoration plan

ANFIS module

Input

Output

ANFIS4-1

Post-fault 3-phase RMS current

1 or 0

“
ANFIS4-93

“

1 or 0

Table 4. Input and output parameters for ANFIS4 module in power restoration plan
4.3.2 A procedure to train ANFIS4 for power restoration plan
There are several steps in developing ANFIS4 as well as collecting and training the data for
the purpose of power restoration plan. The steps are as follows:
i. Isolate the fault feeder or radial with the minimized load.
ii. Identify the non-service loads (NSL) in volt-ampere (VA).
iii. Identify support feeder or radial that is available to the fault feeder and determine its
load total (TSL).
iv. Identify the support feeder capacity (CSF) in the power distribution network.
v. Calculate the difference between CSF and TSL.
vi. If NSL is greater than the difference, identify another support feeder or radial. If the
feeder is available, repeat steps (iii) to (vi). But if the feeder is not available, the power
restoration plan cannot proceed.
vii. If the NSL is smaller than the difference, the plan shall be implemented with a
procedure as shown in Fig.16.
In this case, a 47 buses practical system has been selected for developing and testing the
ANFIS4 module. There are 59 fixed fault points in the selected network, so the collected
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data has about 5487 lines which includes 63 CBs and 30 LIs in the practical system. Each
line consists of three rows including X, Y coordinates and the integer ‘1’ or ‘0’ represents
an operational state of CB and LI. The point coordinates are the input signal to the
ANFIS4 whereas the integer is the output. Due to the 93 devices for all CBs and LIs, the
ANFIS4 modules should be developed regarding to the numbers of the device. Thus, the
modules are labeled as ANFIS4-1 to ANFIS4-63 for all CBs and followed by ANFIS4-64 to
ANFIS4-93 for all LIs. Table 5 shows a distribution of the data set for each module to
train them.
Select a power distribution network

Collect a data of operational states of CB and LI for
each fault point

Distribute the data as follows:
Input data – Fault points in terms of XY coordinate
Output data – Operational states of CB and LI

Train the data to develop ANFIS4
module for power restoration plan

Circuit breaker
CB1……………CB63
ANFIS4-1

ANFIS4-63

Line isolator
LI1……………LI30

ANFIS4-64

ANFIS4-93

Fig. 16. A procedure for developing ANFSI4 module in power restoration plan

ANFIS1 module

Generated
data set

Trained
data set

Number of
ANFIS
input

Number of
ANFIS
output

ANFIS4-1

80

59

2

1

“

“

2

1

ANFIS4-93

“

“

2

1

“

“

2

1

Table 5. A distribution of the data set for power restoration plan
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5. The result of fault diagnosis
Fault diagnosis performance is measured through a precision and accuracy of ANFIS
prediction. The measurement is in percentage error for ANFIS1, ANFIS2 and ANFIS3
while in absolute error for ANFIS4. The 47 buses practical system is used to test the
ANFISs. The prediction results from ANFIS1, ANFIS2 and ANFIS3 are presented for
practical systems that consist of 1232 test data sets. Meanwhile, ANFIS4 predicts about
2743 test data sets for the same system. The number of test data set is taken from 50% of
overall data training.
5.1 The result on ANFIS1 prediction for classifying types of fault

0.6

10

0.4

8

0.2

6

0

4

-0.2

2

-0.4

0

-0.6

Percentage error

12

1
113
225
337
449
561
673
785
897
1009
1121
1233
1345
1457
1569
1681
1793
1905
2017
2129
2241
2353

Actual target

Fig.17 shows the curve of a percentage error and a real target value for ANFIS1 prediction
in classifying fault types in 47 buses practical system. The average percentage error for
such power systems is 2E-5%. Meanwhile, the maximum percentage error for the same
power system is 0.52%. From the result on ANFIS1 in classifying the types of fault in
terms of integer 1 to 10, it can be said that the ANFIS module is able to show precise
prediction.

Number of data
Actual target
Percentage error

Fig. 17. The result on ANFIS1 prediction for classifying types of fault in the 47 buses
practical system.
5.2 The result of ANFIS2 for identifying fault location in terms of X coordinate
The average percentage error of 1.2E-5% is the result of ANFIS2 prediction for identifying
the fault location in terms of X coordinate as shown in Fig.18. From the figure, the
maximum percentage error is 1.8% in the 47 buses practical system. As a conclusion based
on the result, it can be seen that the developed ANFIS2 module is more precise in
predicting the fault location than the developed ANN (artificial neural network) module
with the same data.
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2

8

1

6

0

4

-1

Actual target

10

2

-2
Number of data

-3

1
104
207
310
413
516
619
722
825
928
1031
1134
1237
1340
1443
1546
1649
1752
1855
1958
2061
2164
2267
2370

0

Percentage error
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Actual target

Percentage error

Fig. 18. The result of ANFIS2 prediction for identifying fault location in terms of X
coordinate in the 47 buses practical system.
5.3 The result of ANFIS3 for identifying fault location in terms of Y coordinate
Fig.19 shows the result of ANFIS3 for identifying the fault location in terms of Y coordinate in
the 47 buses practical system. It is found that about 2.1E-2% is the average percentage error
and 10.7% is the maximum percentage error of the ANFIS3 prediction. As a conclusion,
ANFIS3 has a high precision for identifying the fault location in terms of Y coordinate based
on the average percentage error for 2464 numbers of data training in the system.
6
Actual target

5

10

4

5

3
2

0

1
Number of data

-5

1
96
191
286
381
476
571
666
761
856
951
1046
1141
1236
1331
1426
1521
1616
1711
1806
1901
1996
2091
2186
2281
2376

0

Percentage error

15

Actual target

Percentage error

Fig. 19. The result on ANFIS2 prediction for identifying fault location in terms of Y
coordinate in the 47 buses practical system.
5.4 The result on ANFIS4 for planning power restoration
Fig.20 shows the result on ANFIS4 prediction in determining the operational states of CB
and LI for power restoration plan. Both devices are provided in the 47 buses practical
system as a test network for the task. The result shows that the average absolute and
maximum absolute errors are 1.14E-7 and 0.028 respectively. Referring to the Fig.20, B1 up
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to B26 represent 26 buses in the 11 KV of practical system. According to the result, ANFIS4
module gives a high accuracy in the prediction of the operational states of CB and LI for
power restoration plan.

B1 .................................................................................... B26

0.03

1

0.02

0.8

0.01

0.6

0

0.4

-0.01

0.2

-0.02

0

Number of data
Actual target
Absolute error

Absolute error

Actual target

1.2

-0.03

Fig. 20. The result on ANFIS4 prediction for determining operational states of CB and LI for
power restoration plan in 47 buses practical system.

6. Conclusion
In general, this chapter describes an accurate method for identifying various fault types as
well as the location for the purpose of power restoration plan using the operational states of
CB and LI in the power distribution system. For this purpose, the ANFIS approach has been
developed by using the representative integers 1 to 10 in classifying ten types of fault. This
adaptive approach is also implemented to identify the fault location in power distribution
system in terms of geometrical coordinates. Since the developed ANFIS modules are a useful
fault diagnosis tool in completing the task, this approach is continuously developed for power
restoration plan through network reconfiguration by controlling the operational states of CB
and LI. The performance of ANFIS is tested on a 47 buses practical system in which it shows
more precision when predicting the target for the developed fault diagnosis system.
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