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In deregulated environment, stability issues have become dominant. Reliability of the power is 
essential for successful operation of the power system. Often high and dynamic loading 
conditions present new challenges in terms of decision of the control strategies to the system 
operator at energy management centre. For the achievement of voltage stability, identification 
of weak buses is very important. Line stability indices are important predictors of the weak 
buses in the over loaded system. Identification of the weak buses is the first step of control 
strategy. This paper presents an effective methodology based on Artificial Neural Network 
(ANN) to predict the Fast Voltage Stability Index (FVSI). Comparative analysis of different 
topologies of ANN is carried out based on the capability of the prediction of FVSI. Results are 
validated through offline Newton Raphson (NR) simulation method. The proposed methodology 
is tested over IEEE-14 and IEEE-30 test bus System.  
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1. Introduction 

Recent years modern power system has emerged as a complex interconnected network 

with multiple different type utilities at generation, transmission and distribution end. 

Voltage stability issues are very well known and important with dynamic pattern of the 

demand. The ability of a system to regain the operating equilibrium after being subjected to 

perturbation is known as stability. The general characteristic of voltage instability is that 

after the disturbance the level of voltage at different locations slightly changes and in future 

it may be near to the collapse point. Therefore, the voltage level itself is not a good 

indicator of the health of the system. The system operator needs performance indices such 

as line indices either in online or offline modes to determine the collapse point and also to 

predict the present states of health of the power system. The FVSI is used to determine the 

maximum loadability in power system. K.R.Vadivelu et al. carried out voltage stability 

analysis using line stability index indicated by FVSI, which is used to analyze the stress of 

a line in a transmission system [1]. M. Fozdar et al. used repeated power flow technique to 

study the consequences of loadability on voltage stability. The effect of line outage or load 

shedding or effect of variation of active and reactive powers is studied in [2]. With constant 

power factor operation, the effect of increasing load, tap changing transformers and 

injection of reactive power on voltage stability is reported in [2]. Claudia Reis et al. 

presented a comparative analysis of the performance of static voltage collapse indices. The 

voltage stability margin developed by using P-V and Q-V curves, L-index (proposed by 

Kessel et al), V/Vo index, Model analysis (proposed by Gao et al), Line stability index Lnm 

(proposed by M.Moghavemmi et al), Line stability index FVSI (proposed by I.K.Musirin et 

al), Line stability index LQP (proposed by A.Mohamed et al), Line stability index VCPI 

(proposed by M.Moghavemmi) [3]. Krishna Nandlal et al. developed voltage stability 

assessment MATLAB toolbox for assessment of voltage stability. With the help of toolbox, 
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authors calculated sensitivities, participation factors, critical modes and load margin indices 

for system buses, lines and generators. The assessment done using V-P and V-Q bus 

stability margin indices and line stability index named FVSI [4]. Z.J.Lim et al. studied the 

various VSI and their effectiveness on IEEE-14 bus test system and reported the 

effectiveness of different VSI such as Lmn, FVSI, LQP, LP and NLSI on IEEE-14 bus 

system [5]. M.V.Suganyadevi et al. reported the different types of VSI such as Lmn, LQP, 

FVSI, VCPI, NVSI and “On line voltage stability index (LVSI)” [6].  Ismail Musirin et al. 

discussed a new line voltage stability namely Fast Voltage Stability Index (FVSI). The 

values of FVSI indicated the voltage stability condition in the power system and it used to 

rank the line contingency. This contingency ranking sorted in descending order. The 

contingency, which ranked highest, implies that it contributed to system instability [7]. 

Ismail Musirin et al. discussed about the FVSI simplified from an ABCD network of 2-bus 

system. The value of FVSI closed to 1.000 indicated that they reached its instability limit. 

The results of proposed index are verified by using line index Lmn and LQP [8]. Rajive 

Tiwari et al. discussed about a new index named Line collapse proximity index (LCPI) for 

assessment of voltage stability. This index based on exact model of transmission system. 

This proposed index also compared with FVSI, Lmn and LQP indices at different loading 

conditions. The main feature of proposed index is that it incorporates the effect of relative 

directions of active and reactive power flows in the line to predict the collapse [9]. O. P. 

Rahi et al. developed a new technique to determine the static voltage stability of load buses 

in a power system for different loading or operating conditions and hence identify load 

buses which are close to voltage collapse. Newton-Raphson method used for this whole 

process and result verified by artificial neural network [10]. Swetha G C et al. used artificial 

neural network (ANN) for assessment of voltage stability. The input data of ANN are 

developed from NR load flow analysis. The result obtained from the ANN method is also 

compared with the result from NR load flow analysis in terms of accuracy to predict the 

status of health of the power system [11]. Suthar Bhavik et al. used the Contour Program to 

obtained target output for each input pattern, incorporating the Q limits of the generators 

[12]. Mittal N. et al. gives the application of layer recurrent neural network model in load 

forecasting [13].  

In the present work, different topologies of the ANN with minimal neurons are used to 

provide an estimate of the FVSI for various operating load conditions. The proposed 

scheme has the ability to get adaptive training when subjected to any new training pattern, 

where the ANN has been used to predict the FVSI results for any unseen loading condition 

of the system. In this section of ANN designing, both real and reactive load at all buses are 

randomly changed and seen the effect on FVSI performance. The voltage stability 

assessment using line voltage stability index is applied to the IEEE 14 bus and the IEEE 30 

bus power system, and the test results are presented. In this paper voltage stability 

assessment carried out by different topologies of ANN. Comparisons are carried out for 

different network topologies with conventional N-R method. Various errors indices used 

comparing between different topologies.  
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2. Notation 
 

The notation used throughout the paper is stated below. 

 

N-R  Newton Raphson   

ANN Artificial Neural Network 

FVSI Fast Voltage Stability Index 

FFBP Feed Forward Back prop 

RBFN   Radial Basis (fewer neurons) 

CFB  Cascade Forward Back prop 

GR   Generalized Regression 

LR   Layer Recurrent 

MSE Mean Square Error  

SSE  Sum Squared Error 

MAE Mean Absolute Error 

SAE Squared Absolute Error 

R Resistance of the line 

X Reactance of the line 

Z Impedance of the line 

V1, V2  Voltage at sending bus and receiving bus respectively 

Q2  Reactive Power at receiving bus 

δ  Voltage Angle 

“s” , “r”  Symbol for sending and receiving side respectively 

 

3. Index formulation 

 

Bus 1 Bus 2

P1 P2

R+ j X

Q1

S1

Q2

S2

 
Fig.1. Two bus equivalent system 

 

The FVSI is derived from the voltage quadratic equation at the receiving bus on a two-

bus system. Figure 1 shows the two-bus system. 

From the figure, the voltage quadratic equation at the receiving bus is written as:  
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Rearranging (2), we obtain: 

 

( )
1

cossin
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22
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+ δδ XRV

XQZ
                    (3) 

 

Since “s” is using for sending bus and “r” is using for receiving end bus, since δ is normally 

very small & negligible, then, δ≈0, 0sin ≈δR and XX ≈δcos . FVSI can be 

calculated [8]. 
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24
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4. Computational Procedure 

 

The artificial neural network was invented by psychologist Frank Rosenblatt in the year 

of 1958 [14]. Artificial Neural Network operates by creating many different processing 

elements and each element analogous to a single neuron in a biological brain. The ANNs 

are trained by adapting a network and compare the output obtained with the input training 

and target data. Mainly the training is carried out to match the network output to target data. 

The ANN consists of an input layer and an output layer and a layer between both layer 

called hidden layer [13]. In this paper voltage stability assessment is carried out by using 

conventional N-R method and seven network models of artificial neural network named 

RBEF, RBFN, FFBP, CFB, LR, GR, PERCEPTRON. When we compared the results from 

the ANNs networks then we found that the results from RBFN are more accurate. In this 

paper we discussed about the RBFN only.  

 

4.1 RBF Neural Network Architecture 

 

The theory of function approximation gives the idea about RBFN. There are two layer 

feed forward network and a set of radial basis function is implemented by hidden nodes i.e. 

Gaussian function is used. The linear summation function as in a Multi-Layer Perceptron 

(MLP) is implemented by output nodes. The network training is divided into two stages, in 

the first stage, determines the weights from input to hidden layer and in second stage, 

determines the weights from hidden layer to output layer. Due to this interpolation makes 

very good. The RBFN is a feed forward neural network, which consists of input layer, one 

hidden layer, and one output layer. The input layer which feeds neuron inputs in hidden 

layer, a hidden layer which holds the each neuron with radial basis activation function and 

an output layer which holds each neuron with linear activation function. The initiating 

centre, width for RBF units and computing weights for connecters are combined to make a 

learning process for RBF neural network [15]. Developed architecture of network given in 

figure 2.  
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                     Fig.2. Proposed Neural Network Architecture 
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Fig.3. Procedural Flowchart for RBFN 
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Fig.3 illustrates the flowchart for implementation procedure of proposed approach. 

Selection of the training parameters is an important task and plays a vital role in designing 

an ANN. The absence of few important parameters can severely reduce the learn ability and 

accuracy of the network. Input data sets for ANN training are generated from offline NR 

load flow analysis by varying both real and reactive loads at all the buses randomly of their 

base case value in small steps. In data collection process, the input data are divided into 

train data, test data and validation data. NR load flow analysis is conducted for the 

calculation of FVSI. The MATLAB is used as a computing tool [11]. Total 60 inputs for 

IEEE 30 bus test systems and 28 inputs for IEEE 14 bus test systems, total 100 load 

samples are generated and for 82 outputs for IEEE 30 bus test systems and 40 outputs for 

IEEE 30 bus test systems, total 100 load samples are also generated by offline N-R load 

flow analysis method. Variations in real and reactive power contributed to find out the line 

stability index FVSI. To identify the topology of ANN, training process of neural network 

helps us. The training speed depends on the speed factor, the transfer function of neurons or 

on the process of network initialization. A set of network inputs and target outputs are 

required for the training process of the neural network, and also required the enough 

information about the network in order to simulate a good prediction of health of the power 

system. The different training algorithms are used to train the feed forward back 

propagation neural network. In this paper, Levenberg-Marquardt (LM) [13] training 

technique is used for the faster training and good convergence. In neural network, over 

fitting problem is defined by overtraining after this training will result in worse 

generalization. During the training process error from validation sets are monitored time to 

time. As the iteration increases, the training error usually decreases. During the 

overtraining, the validation error tends to increases. Therefore, it would be useful and time 

saving that we should to stop the training after the validation has increased for some 

specified number of iterations. In this paper maximum no of epoch (1000), MSE, gradient 

and µ values are used as stopping criterion. Following section presents simulation results 

and discussions. 

 

5. Results and Discussions 

 

This section discusses the result obtained by supervised learning models to two different 

power systems i.e. IEEE 14, 30 transmission systems. The proposed method is 

implemented by using MATLAB 2013R and run on a Pentium IV CPU, 2.69 GHz, and 

1.84 GB RAM computer. To extend the analysis towards more realistic power system three 

different loading conditions are considered. Prediction of the system stability is carried out 

by the calculation of line stability index FVSI. After the development of the supervised 

learning models, five cross validation technique is used to validate the supervised learning 

models. Comparison of the results by N-R method validates the suitability of the proposed 

approach. 

 

5.1 Case study on IEEE-14 Bus test System 

 

The IEEE 14 Bus test system represents a portion of the American Electric Power 

System which is located in the Midwestern US as of February, 1962. Basically this 14 bus 
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system has 14 buses, 5 generators and 9 load buses. To validate the efficacy of the proposed 

approach three operating scenarios are considered [18-19]. 

 

Case1. Base case (where the load buses are having the nominal values of real and 

reactive power) 

Case2. Medium Load (increase of the system’s reactive load by (2.24 p.u.) from base 

case) 

Case3. High Reactive Loading (increase of the system’s reactive load by (3.2 p.u.) from 

base case) 

 

Tables 1, 2 and 3 give the Line stability index FVSI for IEEE 14 bus test system at for 

three cases, respectively. Following points are emerged from this analysis. 

 

a) At the base case, it is observed that values of index predicted by Feed Forward 

Back Propagation (FFBP), Layer Recurrent (LR), Generalized Regression (GR), 

Cascade Forward Back prop (CFB) and Radial Basis Function Neural Network 

(RBFN) falls in a secure range. The sequence of the critical buses on the basis of 

FVSI values is exhibited in tables. These values are validated by NR method. It is 

also observed that the prediction accuracy of RBFN is higher than other networks. 

 

b) At medium loading (Case2) considerable amount of increase in the numerical 

values of FVSI is observed by all prediction methods, in this case also RBFN is 

the most accurate. 

 

c) For case 3, after continuous increase in the reactive load the system has reached 

near to the collapse point. The prediction capability of all the networks is verified 

by offline NR method. The bus no. 14 is most critical as the value of FVSI is very 

high. Figure 4 shows the prediction error of RBFN. From this analysis it is 

concluded that RBFN is a suitable topology to identify the critical buses in IEEE 

14 bus test system. 

 
Fig.4. Error plot of RBFN topology for IEEE 14 bus test system 
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Table 1: Line stability index FVSI for IEEE 14 bus test system at Base case loadings  

Bus N-R FFBP CFB RBFN GR LR 

14 0.08 0.084425 0.080011 0.08 0.080004 0.091141 

12 0.023 0.026785 0.023169 0.023 0.023001 0.023869 

11 0.077 0.080886 0.07705 0.077 0.077004 0.086171 

10 0.055 0.058738 0.054019 0.055 0.055003 0.063847 

13 0.062 0.068744 0.062502 0.062 0.062003 0.072723 

9 0.062 0.05716 0.060237 0.062 0.062 0.068994 

5 0.032 0.021053 0.021907 0.032 0.031993 0.047648 

 

Table 2: Line stability index FVSI for IEEE 14 bus test system at half of the high operating 

loading  

Bus N-R FFBP CFB RBFN GR LR 

14 0.292 0.292013 0.291967 0.292 0.292 0.292676 

12 0.073 0.07227 0.073013 0.073 0.073 0.072752 

11 0.259 0.259565 0.259262 0.259 0.259001 0.261821 

10 0.208 0.20824 0.20801 0.208 0.208 0.21043 

13 0.179 0.178977 0.179163 0.179 0.179 0.181277 

9 0.044 0.032462 0.042298 0.044 0.044 0.032216 

5 0.253 0.253627 0.251117 0.253 0.252999 0.242592 

 

Table 3: Line stability index FVSI for IEEE 14 bus test system at high operating loading 

Bus N-R FFBP CFB RBFN GR LR 

14 1.089 1.078475 1.088306 1.089 1.08885 1.036629 

12 0.199 0.194756 0.198619 0.199 0.198983 0.187898 

11 0.806 0.798923 0.805554 0.806 0.80591 0.767282 

10 0.796 0.788527 0.795552 0.796 0.795886 0.752784 

13 0.446 0.441308 0.44553 0.446 0.445965 0.429429 

9 0.527 0.51801 0.526784 0.527 0.526844 0.476513 

5 2.042 2.020057 2.040283 2.042 2.041659 1.928771 

 

5.2 Case study on IEEE-30 Bus test System 

 

The IEEE 30 Bus test system represents a portion of the American Electric Power 

System (in the Midwestern US) as of December, 1961. Basically this 30 bus test system has 

30 buses, 6 generators and 24 load buses. To validate the efficacy of the proposed approach 

three operating scenarios are considered [18-19]. 

 

Case1. Base case (where the load buses are having the nominal values of real and 

reactive power) 
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Case2. Medium Load (increase of the system’s reactive load by (1.89 p.u.) from base 

case) 

Case3. High Reactive Loading (increase of the system’s reactive load by (2.7 p.u.) from 

base case) 

 

 Tables 4, 5 and 6 give the Line stability index FVSI for IEEE 30 bus test system at for 

three cases, respectively. Following points are emerged from this analysis. 

 

a) At the base case, it is observed that values of indices predicted by different 

supervised learning models are low and fall in short range. The sequence of the 

critical buses on the basis of FVSI values is exhibited in tables. These values are 

validated by NR method. It is also observed that the prediction accuracy of RBFN 

is higher than other networks. 

 

b) At medium loading (Case2) considerable amount of increase in the numerical 

values of FVSI is observed by all prediction methods, in this case also RBFN is 

most accurate. For exhibiting this, here the prediction plot of bus no.18 by various 

topologies of neural networks is presented. 

 
Fig.5. Prediction Values of FVSI for Bus no.18 

c. For case 3, after continuous increase in the reactive load the system has reached 

near to the collapse point. The prediction capability of all the networks is verified 

by offline NR method. The bus no. 26 is most critical as the value of FVSI is very 

high.  

 
Fig.6. Prediction Values of FVSI for Bus no.26 
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Figure 7 shows the prediction error of RBFN. From this analysis it is concluded that 

RBFN is a suitable topology to identify the critical buses in IEEE 30 bus test system.   

 
Fig.7. Error plot of RBFN topology for IEEE 30 bus test system 

Tables show the prediction values of indices and the sequence of the vulnerable buses. 

 

Table 4: Line stability index FVSI for IEEE 30 bus test system at Base case loadings  

BUS N-R FFBP CFB RBFN GR LR 

26 0.057 0.058558 0.059273 0.057 0.0570778 0.0603602 

30 0.048 0.049637 0.050152 0.048 0.0480778 0.0508649 

29 0.038 0.039602 0.040112 0.038 0.0380778 0.0409279 

20 0.035 0.035393 0.03613 0.035 0.035 0.0362956 

18 0.02 0.02167 0.02226 0.02 0.0200778 0.0228502 

23 0.033 0.03492 0.035371 0.033 0.033 0.037225 

14 0.013 0.014523 0.014914 0.013 0.0130778 0.0158546 

24 0.03 0.031268 0.032013 0.03 0.0300778 0.0328587 

19 0.006 0.006904 0.006745 0.006 0.006 0.0088471 

16 0.034 0.037198 0.037017 0.034 0.0340778 0.0387888 

15 0.046 0.048514 0.048663 0.046 0.0460778 0.0506222 

17 0.017 0.016517 0.016844 0.017 0.017 0.0168648 

21 0.037 0.038018 0.038796 0.037 0.0370778 0.0387814 

10 0.01 0.012019 0.005745 0.01 0.0098443 0.0187447 

3 0.018 0.022301 0.02583 0.018 0.0182335 0.0010874 

12 0.073 0.08252 0.079796 0.073 0.0731557 0.0870982 

7 0.038 0.037002 0.039479 0.038 0.0381557 0.0371971 

4 0.003 0.004341 0.003856 0.003 0.003 0.0005751 

 

Table 5: Line stability index FVSI for IEEE 30 bus test system at half of the high operating 

loading  

BUS N-R FFBP CFB RBFN GR LR 

26 0.134 0.133565 0.133629 0.134 0.134 0.134075 

30 0.113 0.112965 0.112992 0.113 0.113072 0.113476 

29 0.102 0.101585 0.101687 0.102 0.102 0.102504 

20 0.084 0.084647 0.084216 0.084 0.084 0.085009 

18 0.036 0.035883 0.035802 0.036 0.036 0.035686 

23 0.074 0.073676 0.073806 0.074 0.074 7.43E-02 

14 0.029 0.028525 0.028764 0.029 0.028928 0.0288 

24 0.092 0.09216 0.092111 0.092 0.092072 0.092919 
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19 0.008 0.007867 0.007648 0.008 0.008 0.008312 

16 0.062 0.061505 0.061849 0.062 0.062 0.061464 

15 0.097 0.096765 0.097102 0.097 0.097072 0.09702 

17 0.039 0.039408 0.039478 0.039 0.039072 0.039541 

21 0.085 0.084914 0.084848 0.085 0.085 0.084891 

10 0.043 0.046087 0.042993 0.043 0.043 0.037533 

3 0.061 0.060459 0.060767 0.061 0.060928 0.059049 

12 0.218 0.216471 0.217483 0.218 0.218072 0.21707 

7 0.212 0.212144 0.212159 0.212 0.212 0.21158 

4 0.009 0.005997 0.006419 0.009 0.008928 0.011943 

 

Table 6: Line stability index FVSI for IEEE 30 bus test system at high operating loading  

BUS N-R FFBP CFB RBFN GR LR 

26 0.324 0.321257 0.321155 0.324 0.323299 0.317195 

30 0.302 0.298276 0.298148 0.302 0.301066 0.29301 

29 0.324 0.319304 0.319244 0.324 0.322832 0.31351 

20 0.148 0.147349 0.147014 0.148 0.147844 0.145256 

18 0.088 0.087281 0.087083 0.088 0.087844 0.084916 

23 0.18 0.17853 0.178456 0.18 0.179689 0.175952 

14 0.074 0.073238 0.073245 0.074 0.073844 0.072512 

24 0.21 0.208283 0.208146 0.21 0.209533 0.205485 

19 0.026 0.025311 0.025223 0.026 0.025922 0.024548 

16 0.144 0.142667 0.142776 0.144 0.143766 0.141729 

15 0.212 0.210446 0.210351 0.212 0.211689 0.208695 

17 0.058 0.057809 0.057409 0.058 0.058 0.056783 

21 0.168 0.167051 0.166788 0.168 0.167766 0.165806 

10 0.165 0.164134 0.163283 0.165 0.164689 0.163172 

3 0.337 0.335251 0.334573 0.337 0.336455 0.333261 

12 0.564 0.560392 0.560492 0.564 0.563066 0.555045 

7 0.427 0.425504 0.42501 0.427 0.426533 0.422437 

4 0.082 0.080315 0.080914 0.082 0.081689 0.077831 

 

Table 7 shows the numerical values of prediction errors. It is observed from the tables 

that for both test cases RBFN outperforms over other conventional topologies of the neural 

networks. RBFN contains only one hidden layer so the computational efficacy of this 

network is always high and the determination of the optimal structure of the neural network 

is never a constrained for this network.  

 

Table 7: Error Indices for different Networks for both Test Cases (High Loading)  

Networks MSE SSE SAE MAE RMSE 

IEEE-14 Bus Test Case 

FFBP 3.39E-05 0.1355 11.4126 0.0029 0.0058 

LR 1.00E-04 0.4007 22.8474 0.0057 0.01 

GR 3.01E-10 1.20E-06 0.0178 4.44E-06 1.73E-05 

RBFN 9.07E-32 3.63E-28 7.08E-13 1.77E-16 3.01E-16 

CFB 5.15E-05 0.2059 7.9912 0.002 0.0072 

IEEE-30 Bus Test Case 

FFBP 8.01E-06 0.0657 11.3886 0.0014 0.0028 

LR 1.08E-05 0.0888 13.9125 0.0017 0.0033 

GR 9.24E-08 7.58E-04 0.8326 1.02E-04 3.04E-04 

RBFN 3.99E-32 3.27E-28 8.47E-13 1.03E-16 2.00E-16 

CFB 7.16E-06 0.0587 10.4362 0.0013 0.0027 
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FVSI has been predicted by different network of ANNs and prediction is validated 

through NR method. The bus with high FVSI value is identified as the most vulnerable and 

critical bus in the power system. This analysis is helpful in identifying weak areas as per the 

stability point of view in the system. Reactive power compensation can be initiated after 

this identification.  

 

6. Conclusion 

 

This paper presented an ANN based voltage stability assessment for IEEE 14 bus test 

system and IEEE 30 bus test power system. Following are the major highlights of discussed 

research work.  

a) FVSI, for the load buses in power system network is calculated to estimate the 

health of the power system. Prediction of FVSI is carried out by different neural 

network topologies. 

 

b) The main advantage of proposed method is that it indicates a good agreement 

between NR and RBFN output for different buses at different unseen loading 

conditions. Prediction accuracy of RBFN is superior as compared with other 

topologies. The prediction error indices validate this fact. 

 

c) The proposed approach provides fast computation of FVSI. Operator can analyze 

any unknown load patterns by using this supervised learning approach. We find 

out the loadability in offline N-R method and ANN method by varying the real 

and reactive loads and according this, designed an efficient neural network.  

 

The application of proposed approach in wind dominated system or micro grid where the 

system observes uncertainty in generation lays in the future scope of this paper.  
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