
International Journal of Electrical, Electronics and Data Communication, ISSN: 2320-2084  Volume-2, Issue-10, Oct.-2014 

Voltage Collapse Prediction by Neuro-Fuzzy (ANFIS) Scheme 
 

12 

VOLTAGE COLLAPSE PREDICTION BY NEURO-FUZZY  
(ANFIS) SCHEME 

 
1SWASTI BACHAN PANDA, 2SUSHIL CHAUHAN  

 
1M.Tech EED, NIT Hamirpur, 2Professor EED, NIT Hamirpur 

E-mail: swastibachan@gmail.com, sushil22081963@gmail.com 
 

 
Abstract- In recent years, number of voltage stability indices have been suggested for the voltage collapse appraisal.Many 
of them are extracted by very complex analytical tools and are unmanageable to be rendered by the system operators. In this 
work, an Artificial Intelligence (AI) based approach has been used that integrate the strengths of Fuzzy Logic (FL) and the 
Artificial Neural Network (ANN). A decision model built on FL takes as an input a given set of voltage stability indices 
(numerical values), representing a snapshot of the actual operating point for the electric system.The set of numerical values 
is read into a set of symbolic and linguistic criteria. These variables are wangled by a set of logical connectives and of 
Inference Methods offered by theMathematical Logic. By this way, the FL definesa metric in terms of a percentage rate of 
the security level degradation with respect to the voltage collapse risk [1]. In this investigation ANFIS model is used to 
predict the stability margin or distance to voltage collapse and hence security status of power system network based on 
reactive power load demand by feeding four predefined voltage collapse indices as input to the neuro-fuzzy system.The 
proposed technique is applied to IEEE 14 and IEEE 30-bus test systems and got encouraging results. 
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I. INTRODUCTION 
 
Traditionally contingency analysis explicated by 
power system researchers is used for power system 
security analysis. Now-a-days, as power channelize is 
increased between the interconnected systems and 
due to deficiency of reactive power to backing 
voltage profiles, power system engineers faced 
voltage collapse problem and so they needed a tool to 
analyze problems raised by reactive power 
inadequacy.   So it is a tough task for the Independent 
System Operators (ISO) to experience a simple and 
quick computational tool to know the clear and 
reliable information about the current and near future 
operating points. Voltage collapse may be defined as 
continuous decrease in system voltage. Initially, the 
decrease of the system voltage starts gradually and 
then falls rapidly.The main conducing factors to 
voltage collapse problem are given below. 
 
i. Stressed power system; i.e. rich active power 

loading in the system 
ii. Short of reactive power resources. 

iii. Load features at low voltage magnitudes and 
their deviation from those traditionally used in 
stability studies. 

iv. Transformers tap changers reacting to 
decreasing voltage magnitudes at the load 
buses. 

v. Unexpected and or unwanted relay operation 
may occur during conditions with decreased 
voltage magnitudes. 

 
Definition of Voltage Collapse: 
The voltage magnitude throughout the network 
slowly decreased, as the system load increased during 
operation, which is controlled by system engineers 

using mechanisms like capacitor switching or 
increased reactive generation. Notwithstanding, 
continuing increasing in load may finally drive the 
system to an unstable state characterized by 
speedydecreasing bus voltage magnitudes. This 
phenomenon is known as voltage collapse, and is 
frequently studied using system voltage profiles i.e., 
plots of the node voltages versus load power levels. 
The objective of the work is to investigate the 
suitability of the Fuzzy Logic (FL) to understand the 
information on the security level of the system with 
respect to the voltage collapse jeopardy. To achieve 
this goal, a supervised Neural Network is used which 
is trained with a number of training set with 
computed voltage collapse distance. The program 
iswritten in the MATLAB environment, by using 
ANFIS (Adaptive Network based fuzzy Inference 
System) toolbox to feat the Neuro-Fuzzy approach. 
 
Fuzzy logic (FL) has been applied very successfully 
in many areas of power system where the 
conventional model based approach is difficult or 
costlier to enforce. Nevertheless, as the system 
complexity rises, reliable fuzzy rules and membership 
function are hard to determine. A reliable solution is 
obtained by the unification of fuzzy logic and neural 
networks. Because of their complementary nature, 
these two technologies can be incorporated.  
 
Neuro-Fuzzy hybrid systems conflate the vantages of 
fuzzy systems and artificial neural networks (ANN). 
The ANN learning caters a good tool to adapt the 
expert’s knowledge and to automatically generate 
extra fuzzy rules and membership functions. And 
fuzzy logic heightens the generalization capability of 
ANN by giving more reliable output when 
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extrapolation is needed beyond the limits of the 
training data. 
 
II. VOLTAGE COLLAPSE INDICES 
 
Voltage collapse indices used to anticipate proximity 
to voltage instability have been a challenge to system 
engineers in power system operation, as these can be 
used to find out how close the system is to a possible 
instability.Some examples of performance indices or 
voltage collapse indices are discussed below.  
 

A. Jacobian Matrix-Based VSI: 
The minimum Eigen value ( min ) calculated from 

the load-flow Jacobian matrix, J . Actually it is 
calculated from the reduced Jacobian matrix RJ . 
Where [6], 

1
22 21 11 12RJ J J J J    . 

 
It is significantly affected by the number of voltage 
(PV) regulated buses. As the system loading increases 
it decreases and at collapse point it changes sign, as 
we know a negative Eigen value system is unstable. 
But it shows a nonlinear behavior as it decreases 
deeply near the collapse point. At voltage collapse 
point magnitude of minimum Eigen value of Jacobian 
matrix is zero i.e. loadability limit is maximum. 
 

B. Second Order Index 
The second order voltage stability index, i calculated 
from maximum singular value ( max ) of inverse of 

Jacobian matrix ( 1J  ) and its derivative with respect 
to total system load ( total ). This index is defined as 
[7]: 

max

max

0

1

total

d
d

i
i 



  

Where 0i is the valve of max

max
total

d
d





in the initial 

operating point.At the initial operating point the index 
value is 1 and at the collapse point index valve is 
0.This index overwhelm the difficulties of 
nonlinearity and discontinuities of first order or min  
index. 
 

C. Indices based on Reactive Power[1] 
i. maxg loadQ Q  : It is calculated for each area 

where maxgQ is the maximum reactive power 
which can be generated by it. To realize the 
topology of the area concerned is the main aim 
of this index. 

ii.  maxg g loadQ Q Q : This index shows the 

margin of reactive power generation in p.u. of 
an area i.e. reactive power resources available. 
Normally as system stress increases the 
resources available are tend to decreases. To 
calculate this index the topology of the area 
realized by previous index is essential.  

iii. gtot ctotdQ dQ : It is calculated by the ratio 

of change in reactive power generation with 
respect to change in reactive loading. It can be 
defined as the capability of the system/area to 
sustain reactive load increase. 

iv. minV : It is the minimum per unit value of the 
node seen from load flow study. Voltage profile 
degradation is estimated through this index. 

v. VMINN : This index shows how many number 
of buses are below the normal voltage. The 
extension of voltage collapse on the network is 
estimated through this index.  

 
III. ANFIS STRUCTURE USED 
 
Many intelligent techniques are available such as 
fuzzy logic, neural network, probabilistic reasoning 
and evolutionary computation, but all of them have 
some strong and weak points. So in real world we 
need to get best solution by integrating different 
intelligent technologies. The integration of such 
technologies (at least two) is called hybrid intelligent 
systems. Adaptive Network based Fuzzy Inference 
System (ANFIS) is a hybrid system which is obtained 
by incorporating Neural Network with a Fuzzy 
System. It experiences advantages of both neural 
network and fuzzy logic as described above. In this 
work ANFIS model is used and the working 
principles are described below. 
 
The ANFIS structure used in this work is given in 
figure1. 
 

 
Figure1 ANFIS structure 
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In the above ANFIS structure every layer has the 
characteristics described below; 
i. The input layer feeding data to the network. 

ii. The first hidden layer computes the 
membership functions with respect to fuzzy 
subsets i.e. Fuzzyfication of input is done. 

iii. The second hidden layer computes the truth-
value of the fuzzy rules. 

iv. The third hidden layer calculates the ratio of 
the ith rule’s firing strength to the sum of all 
rule’s firing strengths. 

v. In the last hidden layer defuzzyfication of 
output is obtained. 

vi. In the last layer overall output as summation of 
all incoming signal is calculated. 

 
Here we have taken only four indices which give a 
clear physical meaning to voltage collapse as these 
are reactive power based indices. These indices are

minV , gtot ctotdQ dQ , maxg loadQ Q and

 maxg g loadQ Q Q  which act as input to the 

neural network. By Fuzzyfication the inputs are 
divided into different membership functions such as 
low, medium, high etc. 
 
The following linguistic rules are used for the neuro-
fuzzy optimization [1]. 
i. If  minV  is low then output is collapse. 

ii. If   minV  is average then output is stressed 
network. 

iii. If   minV  is high then output is stable network. 

iv. If  gtot ctotdQ dQ  is high output is collapse. 

v. If  gtot ctotdQ dQ  is average then output is 
stressed network. 

vi. If  gtot ctotdQ dQ  is low then output is 
stabled network. 

vii. If maxg loadQ Q is normal and 

 max g loadQ Q Q   is low then output is 

collapse. 
viii. If maxg loadQ Q  is normal and 

 max g loadQ Q Q  is average then output 

is stressed network. 
ix. If maxg loadQ Q  is normal and

 max g loadQ Q Q   is high then output is 

stable network. 
x. If maxg loadQ Q is low and 

 max g loadQ Q Q   is high then output is 

stable network. 

Here we have used triangular membership function 
for clustering of the inputs which is given in figure 2. 

 

 

 

 
Figure 2 Clustering of inputs 

 
IV. TESTS AND RESULTS 

 
In this procedure, starting from the base case, only 
the reactive loads are increased until the divergence 
of the power flow is attained. At this point the 
maximum load-ability in MVAR of the base system 
is calculated. 
 
The Collapse Reactive Loading (CRL) of the IEEE 
14 and IEEE 30-bus test system is calculated from the 
available reactive loading in the bus data of the 
network. The stability is defined by how far MVAR 
distance is the system from CRL. The procedure for 
ANFIS is made by different blocks. The first block 
aims at defining the membership function byusing an 
ANN. It makes use of a training set where different 
operating points are studied and labelled with one of 
the following attributes: stable, stressed and collapse.  
 
Each operating point is defined as: 
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i. Collapse if its MVAR distance is less than 
65%. 

ii. Stressed point if its MVAR distance is in 
between 65% to 75%. 

iii. Stable point if its MVAR distance is above 
75% 

 
The output of the network shows the real voltage 
collapse distance (in % of the CRL) and the estimated 
distance (the output of the fuzzy system). To achieve 
this the output is trained with 200 set of inputs 
(training data) calculated from different loading 
conditions. After training is over the network is 
validated with 45 set of checking data and tested 
accordingly.A given training data consists of four 
values such as: First four are inputs and last one is the 
output corresponding to the inputs. The outputs 
calculated after training may differ slightly from the 
actual output at particular stage. The variations are 
minimized by suitable tuning of the ANFIS.After 
training as characteristics of ANN the network 
generates some new rules and the network looks like 
Figure 3. 
 

 
Figure 3 ANFIS structure after training 

 
The ANFIS information are given below: 
Number of nodes: 137 
Number of linear parameters: 270 
Number of nonlinear parameters: 33 
Total number of parameters: 303 
Number of training data pairs: 200 
Number of checking data pairs: 45 
Number of fuzzy rules: 54 
As discussed above there may be some error in the 
training process. Figures 4 to 7 show the regressions 
associated with training. 
 

 
Figure 4 Training Regression IEEE 14-Bus Test system 

 
Figure 5 All data regression IEEE 14-Bus Test System 

 

 
Figure 6 Training Regression IEEE 30-Bus test System 

 

 
Figure 7 All Data Regression IEEE 30 Bus Test System 

 
The maximum and the average error of the fuzzy 
inference engine is calculated as 11.1% and 5.38 % 
respectively. 
 
Table 1 and Table 2 shows some examples of the 
output of ANFIS. 
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Table 1 Simulation Output IEEE 14-Bus Test System 
p.u. 

Load 
Increas
ed in 
Base 
Case 

MVA
R 

Distan
ce 

Actual 

MVAR 
Distanc

e 
Calculat

ed 

Err
or 

(%) 

Human 
Expert 

Interpretat
ion 

0.4791 0.467 0.505 8 Collapse 
0.5326 0.385 0.393 2 Collapse 
0.2480 0.624 0.682 9.3 Stressed 

Network 0.3216 0.654 0.672 2.7 Stressed 
Network 0.0747 0.908 0.881 3 Stable 

0.0574 0.974 0.987 1.3 Stable 
 

Table 2 Simulation Output IEEE 30-Bus Test System 
p.u. 

Load 
Increas
ed in 
Base 
Case 

MVA
R 

Distan
ce 

Actual 

MVAR 
Distanc

e 
Calculat

ed 

Err
or 

(%) 

Human 
Expert 

Interpretat
ion 

0.4833 0.614 0.621 1 Collapse 
0.4113 0.647 0.65 0.4

5 
Collapse 

0.2761 0.66 0.73 10.
7 

Stressed 
Network 0.2450 0.735 0.74 0.6 Stressed 
Network 0.1406 0.944 0.933 1.1

6 
Stable 

0.0180 0.987 0.993 0.7 Stable 
 
The first column shows the description of the case 
(loading level).The second and third column shows 
the MVAR distance to collapse point in per unit, the 
fourth column shows errors associated and fifth 
column shows human expert interpretation of the 
available data. 
 
CONCLUSIONS 
 
In this paper, application of Fuzzy logic integrated 
with neural network is described to find out the 
security status of a system operating point i.e. how far 
distance it is from voltage collapse. It also underlines 
the importance of an adequate number of training 
data points used for the system to cluster the input 

sets to better resolution. To achieve this goal an 
ANFIS model is trained with a set of training data 
(voltage collapse indices at different loadings as 
input) and the output of the system shows the security 
status of the system network. In this work a very less 
number of clustersare used for easy adaptation and it 
can be further improved by using a finer clustering of 
inputs. 
 
While concluding, this paper manifests that despite 
some drawbacks like course adaptation and over 
fitting of data Neuro-Fuzzy approach is a good tool 
which facilitates learning capability as well as 
knowledge which is understood for better human 
expert supervision. 
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