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Abstract — This paper investigates the classification of power system states using a machine learning algorithm and has shown 
huge potential for predicting the security of large scale power systems. Ball Vector Machine (BVM) is utilized to classify the secure 
and insecure status of the power system based on the pre-contingency system variables for Static Security Assessment (SSA). The 
Implementation of Machine Learning programs often yield good results, however under certain conditions, the presence of 
redundant and irrelevant information could result in the opposite of their intended effect such as slowed execution, less 
understandable and much reduced accuracy. Thus, an efficient feature reduction technique is needed to reduce the dimensionality 
of the operating space for BVM and to create a high correlation of input data with the decision space. This paper presents, 
correlation based F-value feature reduction technique for power system static security assessment. The proposed feature reduction 
technique reduces the computational burden, which assures that BVM is rapidly trained to predict the security condition. The 
proposed methodology is implemented and tested in IEEE 57 bus system. Simulation results demonstrate that, the proposed BVM 
classifier provides better classification accuracy and a reduced amount of misclassification rate than other equivalent classifiers. 

Keywords - Ball Vector Machine, Enclosing Ball, Feature Selection, F-value Method, Machine learning, Static Security 
Assessment.

I. INTRODUCTION 

Power system security analysis is a significant 
computational problem in both the design and operation of 
large scale power systems. A Static Security Assessment 
(SSA) consists of executing a power flow representing the 
outage of one or more pieces of equipment. The entire 
calculation consists of running one power flow for each 
such outage case where the outage cases are specified by a 
list built manually or involuntarily. Arising unexpected 
situations in power systems have turned static security 
assessment into a task for which acceptably fast and 
accurate assessment methodology is essential. Occurrences 
related to overvoltage, under voltage and line overloading 
have been responsible for undesirable power system 
collapse leading to partial or even complete blackouts [1]. 
The above factors have brought SSA in, to fulfill the system 
load demand at acceptable level of voltage and thermal limit 
of lines without violating the ratings of generators and 
transmission equipment. Uncertainties of equipment status 
produce a severe burden on power system operators in 
trying to satisfy all the consumers. A quick security 
assessment of power system operating state using real-time 
data will make possible prior detection of conditions which 
may lead to deterioration in quality of service or 
overloading of equipment before they actually occur. This 
will enable the system operators to determine and take 
proper corrective actions in case the system is operating in 
an insecure state. 

This paper presents a novel method for considering 
Static Security Assessment structure. Static security 
evaluates post contingency steady state condition of the 

system, ignoring the transient behavior and other time 
dependent deviations. The effectiveness of predicting 
security is usually evaluated using deterministic methods. 
Basically, these methods use load flow analysis and 
contingency analysis based on the current operating state of 
the system. The main drawbacks of these methods are large 
computation time and voluminous results generated 
rendering them unsuitable for real time applications. Pattern 
recognition methods when applied to power system security 
assessment overcome these disadvantages of the 
conventional method. Pattern recognition methods have the 
advantage that once the security classifiers have been 
designed by an off-line training procedure, they can be 
directly used for on-line security assessment of power 
system [2], [3].  

In literature, many Artificial Neural Network (ANN) 
techniques have been presented [4],[8] to solve static 
security assessment problems. Self-Organizing Feature Map 
have been applied for the problem of static security 
assessment in [5] and Multilayer Feed forward with back 
propagation algorithm have been applied for the problem of 
static security assessment in [6]. The use of ANN based 
pattern recognition (PR) approach, Decision tree based 
security classifier [8], fuzzy logic combined with neural 
network, query-based learning approach in neural networks 
[10] and static security evaluation process have also been 
reported in [8],[9],[11]. But these procedures pertain some 
inconvenience similar to conventional methods. Hence to 
overcome this crisis, machine learning based classifier has 
been suggested to solve all the security assessment 
problems. A Quadratic Programming (QP) problem based 
Support Vector Machine (SVM) applied to SSA yields a 
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high computational complexity that can cause the training 
time too long. Therefore, how to reduce the time complexity 
is a key issue for SVM in SSA [12].  

As pointed out in literature, another machine Learning  
Algorithm named  as Core Vector Machine (CVM) [13], 
which has been obtained by reformulating SVM’s QP as a 
minimum enclosing ball (MEB) problem, based on efficient 
(1+ξ) approximation algorithm defines coresets within an 
operating space to obtain a close-to-optimal SVM solution. 
However, though conceptually simple, each iteration of the 
CVM algorithm involves a QP sub problem defined on the 
core-set. Thus, this again requires the use of a sophisticated 
numerical solver for efficient implementation [13]. So, it 
becomes computationally expensive whenever large dataset 
is handled.  

In this paper, using a Ball Vector Machine (BVM), 
instead of finding the MEB, the simpler problem of finding 
an enclosing ball (EB) has been considered for data 
classification. With a convenient choice of the radius, it can 
be shown that the center obtained from the (1+ξ) 
approximation of this EB problem is almost similar to the 
center of the MEB in CVM. Simulation results confirm that, 
the proposed BVM algorithm has better accuracy compared 
to the other large-scale SVM implementations [16]. 

The feature selection is one of the important steps in the 
classification problem. In literature, many different Feature 
Selection tools such as Fisher Discrimination Analysis, 
Entropy Maximization, Divergence Maximization, 
Pearson’s correlation coefficient, Fisher-like criterion, and 
Relief family, have been designed and implemented for 
Classification Problems [11],[18],[19]. The major problem 
with the existing feature selection algorithms is that they are 
mainly adopted for linearly separable classes and not well 
established on non-linearly separable classes. In this paper, 
an effective correlation based F-Value feature selection 
algorithm has been presented. This tool is very accurate and 
fast to allow in real time with safer, reliable and economical 
manner for SSA of power systems. 

Before implementing the feature selection and 
classification, a representative data set must be generated. 
The greater the extend of data in the operating space, the 
greater effect on the discrimination of BVM for security 
assessment. The effectiveness of the BVM classifier is 
demonstrated on an IEEE 57-Bus test system and its results 
have been analysed. 

II. PROPOSED METHODOLOGY 

A. Generation of  Data set 

A completely representative training data set is critical 
for BVM accuracy. The training data must contain enough 
operating conditions so that BVM can adequately learn to 
predict the security of the system. The data set is generated 
for various operating condition by varying the load between 
80% to 130% of its base case. The difference in generation 
is bounded to their min-max limits. The voltage magnitude 

is taken between 0.94 per unit and 1.06 per unit for all test 
systems and line thermal limit is taken as 130% of base 
MVA flow. For each operating condition, line outage is 
simulated with load flow solution by using Newton Raphson 
(NR) method. For each case simulated with and without 
outage, the corresponding pattern vectors are obtained. Each 
operating condition has number of operating variables called 
as pattern vectors. In this paper, voltage magnitude (Vi), 
voltage angle (δi), real power generation (Pgi), reactive 
power generation (Qgi), real power demand (PDi), reactive 
power demand (QDi), real power flow (Pij) in line connected 
between buses i and j, reactive power flow (Qij)between 
buses i and j, and line MVA(Sij) between buses i and j have 
been considered. Evaluating the security constraints, each 
pattern is labeled as secure or insecure state. 

B. Ball Vector Machine(BVM) 

In this paper, Ball Vector Machine algorithm has been 
used for solving the Static Security Assessment problem of 
an IEEE 57 bus system [22].  One of the important 
considerations in applying BVM to power system security 
assessment is that, the BVM is a technique for scaling up a 
two-class SVM to handle large data sets. In BVM, for 
applications involving large data sets, Kernel methods are 
applied. In Core Vector Machine, the quadratic optimization 
problem of SVM is considered as Minimum Enclosing Ball 
(MEB) problem. Now, BVM is obtained from the CVM, 
which is slightly different for update of the ball’s center in 
the data space 

C. MEB Problem 

A set of points are given by S = {xi,....,xm}, where each 
xi,Rd, the MEB of S (denoted by MEB(S)), is the smallest 
ball having all the points in the set S. 

Let B(c, R) be the ball with center c and radius R. When     
> 0, a ball B(c, (1+) R) is a (1+) approximation of 
MEB(S) if R <rMEB(S) and S  B(c, (1 + )R) where  is a 
small positive number and rMEB(S) is the radius of exact 
solution for MEB(S) [13]. 

The conventional algorithms for finding the MEBs are 
not capable for the problems having the parameter d > 30. 
Therefore, it need to be concentrated on the study of faster 
approximation algorithms that conceives a solution within a 
factor of (1+) of the optimal value. In many shape fitting 
problems, it is found that solving the problem on a subset, 
called the core set Q of points from S, can often give an 
accurate and efficient approximation. As it can be seen in 
Fig. 1, a subset Q S is a core set of S  if an expansion by a 
factor (1 + ) of its MEB contains S, i.e., S  B (c, (1+ )R), 
where  B(c, R) is equal to MEB(Q)[13]. 

A surprising property of the CVM is that the number of 
iterations and the size of the final core set depends only on S 
but not on d (dimension of samples) or m (number of 
training samples). The independence of d is important in 
applying this algorithm to kernel methods, as the kernel-
induced feature space can be infinite dimensional [13],[14]. 
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Figure 1. Inner circle is the MEB of a set of squares, and its (1 +) 

expansion (outer circle) covers all points. The set of squares is thus a core 
set. 

 

D. MEB Problem as a QP Problem 
 

Let  be the feature map corresponding to kernel k. 
Given a set of q-mapped points S = {(x1),...,(Xm)},,its 
MEB, denoted B(c*, R*) with center c* and radius R*, is 
the smallest ball that encloses all these points[17]: 

 

(C*, R*) =
Rc,

2 ,minR  
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                        (1) 

Its dual is the QP problem as follows: 
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m) is the Lagrange multiplier. And Equation (2) can be 
rewritten in matrix form, as follows: 
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where  = [1…...,m],0 = [0,…..,0],1=[1......, l],and 

km×n = [k(xi,xj)]is the kernel matrix. 
 As it can be seen, Eq. (3) is a QP problem when k satisfies 
k (xi,xj) = k  (and k is a constant). Using this point, Eq. (3) 
can be rewritten as follows: 
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The optimal  can be obtained and determined using Eq. 
(4). Also, for C and R, 
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Therefore, any QP of this form can be regarded as an 

MEB problem and vice versa[17]. 

E. BVM Algorithm 

It can be said that, the BVM is similar to the CVM, 
except that the update of the ball’s center is different. Unlike 
the CVM, the update in Step 3 can be performed efficiently 
without using any numerical optimization solver [16, 17]. 

The BVM algorithm can be summarized as follows: 
Step 1: Initialize c0 =  (z0) 
Step 2: Terminate if no (z) falls outside B (ct, (1+)Rt), 

otherwise, let (zt) be such a point. 
Step 3: Find the smallest update to the center such that B 

(ct+1, r) touches (zt). 
Step 4: Increment t by 1 and go back to Step 2. 

F. Feature Selection 

A power system has thousands of measurements such as 
line flow, current, voltage etc. These are all variables which 
can be used to assess the security of the system as a whole. 
A good choice of features is said to be half of the success. 
Although theories exist as guides for feature selection, this 
is not the case for finding good features to begin with .In 
general, the number of variables characterizing a power 
system operating state is quite large. This makes the security 
classifier design complicated and requires large 
computational resources [2]. Also, all the variables 
characterizing the system operating state may not contain 
useful information for the purpose of classification. Thus, 
there is a need to reduce the number of variables to be used 
for classifier design. The process of extracting a subset of 
features from the set of variables is termed as feature 
selection as shown in fig.2 [10]. 

The features are selected from the vector of input 
variables based on maximization of a criterion function. The 
F-value defined by eqn. (7) is used as the criterion function 
for selection of a variable as feature. 

 
            F=|ms-mi|/(σs

2+σi
2)  	

 
 Where, 

   ms - Mean of the variable in the secure class, 

mi - Mean of the variable in the insecure class,             

  σs
2 - Variance of the variable in the secure class,           

 σi  - Variance of the variable in the insecure class. 
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Figure.2: The Process of F-value Feature Selection based on 
Correlation Coefficient 

III. INTERPRETATION OF THE RESULTS 

The design of BVM based classifier model for static 
security assessment is implemented and tested in a standard 
IEEE 57 bus test system and the effectiveness of the 
proposed classifier has been demonstrated by using Tanagra 
software [22]. 

The input data of the proposed BVM are the input 
variables obtained using a steady-state Newton-Raphson 
load flow method. Single outages like generator outages, 
line outages, transformer outages, and multiple outages like 
outage of all lines connected to a particular bus are 
considered and are simulated, for the system security 
evaluation ±10% of the desired bus voltage is taken as the 
alarm limit and security limit respectively, for each bus. For 
the line flows, 130% of the thermal limit is chosen as the 
alarm limit, and the training and testing data sets are 
obtained by off-line using MATPOWER Toolbox with 
MATLAB software [20]. 

A. IEEE 57-Bus Test System 

 The proposed method is applied to IEEE 57-bus test 
system [21]. The standard IEEE 57- bus sample system has 
7 generators, 57 buses, 80 lines with 17 transformers and 42 
fixed loads. One at a time, outage studies are performed and 
form the set of disturbances to be utilized for steady state 
security in the Power system. The system variables are 
generated by load flow analysis which are included in the 
input vector, as listed: 50 numbers of voltage magnitude 
variables (Vi), 56 numbers of voltage angle (δi), 4  numbers 
of real power generation variables (Pgi), 7 numbers of 
reactive power generation variables (Qgi), 42 numbers of 
real power demand variables (PDi), 42 numbers of reactive 
power demand variables (QDi), 80 numbers of active  real 
power flow variables (Pi-j) , 80 numbers of reactive power 
flow variables (Qi−j) and 80 numbers of line MVA variables 
(Si-j). The irrelevant variables at certain buses such as zero 
load, zero generation and constant values are neglected and 
finally 441 patterns are considered for classification process. 
The results of data generated for training, testing of BVM 
classifier and feature extraction are shown in Table I. For a 
possible 880 operating scenarios, 445 operating scenarios 
are found to be secure and the remaining 435 cases are 
found to be insecure. The training and testing samples are 
split at random by the ratio of 90 % (792 cases) for training 
phase and 10% (88 cases) for testing phase. 

B. Performance Evaluation on Feature Selection for SSA 

During the training process of many machine learning 
algorithms, the performance is affected due to too much of 
data of which a few may be irrelevant or out of focus.  
Feature subset selection is one of the efficient ways for 
enhancing the performance of learning algorithms, reducing 
the premise search space, and, in some cases, reducing the 
storage requirement. This paper describes a feature subset 
selector that uses a correlation based heuristic method to 
determine the integrity of feature subsets and evaluates its 
effectiveness with BVM classifier.  

 An optimal set of significant patterns are selected by 
using the feature selection process as shown in Table II. The 
achievement of the feature space dimension is altered with a 
threshold value of 0.8 and discards the highly correlated 
variables. 

M=M+1 

Start 

Read Labeled Vectors of input variables 

Calculate the Mean and Covariance for each Variable of 
Input vector for each class (Secure & Insecure) 

Calculate F value for each variable  

Set Sample Count M=1 

Select the Feature having the Highest  
F-value  

Calculate the Coefficient of Correlation 
between the Selected Variable and Remaining 

Variables 

Eliminate all the Variables having Coefficient 
of Correlation > desired value 

Are all the 
Variables    

Considered? 

Yes  

No 

Output the Selected Feature set 

Stop 
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TABLE. I. DATA SET FOR TRAINING AND TESTING PHASES 
Scenario Overall Training Testing 

Total  no of cases 880 792 88 

Secure cases 445 416 29 

Insecure cases 435 376 59 

 

TABLE. II. FEATURE SELECTION PROCESS 
Case Study IEEE  57  Bus System 

No. of  descriptors 441 

No of classes 2 

No. of features selected 161 

Dimensionality Reduction 36.5 % 

 

C. Performance Evaluation of BVM Classifier for SSA 

 The following formulations are obtained to compute the 
performance of BVM classifier [9]. 

 
Classification Accuracy (%) = "Number of true samples" 
/"Total samples" x 100 

 
Misclassification Rate (%) = "Number of false samples" 
/"Total samples"  x 100 

 
False Alarm (%) = "Number of true as false in samples" 
/"Total true secure samples"  x 100 

 
False Dismissal (%) = "Number of false as true in samples" 
/"Total true insecure samples"  x 100 

 

D. Evaluation Recomputed with Feature Selection 

The proper selection of optimal values for BVM 
performance parameters decides the higher value of 
classification accuracy and minimal error rate. In this 
investigation, the subsequent parameters are listed for static 
security assessment using BVM classifier as shown in table 
3. Moreover, the optimal values of BVM performance 
parameters are provided in Table III. The optimum value of 
‘gamma’ is selected as 0.9. This value fixes the relevant 
support vectors within their boundaries resulting in higher 
classification accuracy.  The tolerance of termination 
criteria ‘epsilon’ is optimized as 0.0001. 

Results shown in Table IV prove that obtaining the 
useful support vectors from the whole data set is the  
fundamental part of this evaluation process .The number of 
support vectors for secure and insecure cases are presented. 

Moreover, support vectors are calculated based on the 
rule of inverse square distance kernel function that defines 
the boundaries between secure and insecure classes. The 
performance of BVM classifier with 441 attributes are 

shown in Table V Based on this, the system is assessed for 
static security with 90%( 79/88) of testing accuracy. 

 
TABLE. III. PARAMETERS OF BVM CLASSIFIER 

Parameters Optimal values 

Kernel type Inverse Square  distance 

Degree  of kernel 1.00 

Gamma 0.9 

Tolerance of termination 0.0001 

C (Complexity Cost) 1 

Use shrinking heuristics 1 

Data normalization 1 

 
 

TABLE.IV. BVM CLASSIFIER CHARACTERISTICS DURING 
EVALUATION 

Characteristic Value 

Number of classes / outputs  2 

Number of support vectors 397 

Number of support vectors for secure 228 

Number of support vectors for insecure 169 

 

The performance of BVM classifier with 161 attributes, 
after feature reduction with 96.59% (85/88) of testing 
accuracy is shown in Table VI. From the above simulation 
results, the classification accuracy of BVM classifier with 
feature selection is 96.59 % as compared with accuracy of 
90 % without feature selection. It is clearly evident that the 
performance of the BVM classifier is improved with 
selection of good feature set and elimination of unwanted 
data from the overall data set. 

 The comparative study of BVM classifier with other 
machine learning algorithms and ANN for static security 
assessment is shown in Table VII. Results prove that BVM 
is the finest classifier within a preselected contingent 
environment. In addition, BVM-based security assessment 
algorithm produces enough support vectors as compared to 
other machine learning algorithms. 

Therefore, it is faster than the existing methods. 
Simulation results show that the proposed BVM-based 
security assessment has small training time and smaller 
vector dimension. 

 
TABLE.V. CLASSIFICATION OF STATIC SECURITY USING BVM 

CLASSIFIER WITHOUT FEATURE SELECTION. 
Performance Evaluation Without Feature selection (441 patterns) 

 Training Testing 
Accuracy (%) 100(792/792) 90 (79/88) 

Misclassification Rate (%) 0(0/792) 10.28(9/88) 

False alarm (%) 0(0/416) 20.6(6/29) 

False Dismissal (%) 0(0/376) 5.08 (3/59) 
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TABLE.VI. CLASSIFICATION OF STATIC SECURITY USING BVM 
CLASSIFIER WITH FEATURE SELECTION. 

Performance Evaluation With  Feature selection (161 patterns) 

 Training Testing 
Accuracy (%) 100(792/792) 96.59 (85/88) 

Misclassification Rate (%) 0(0/792) 3.40(3/88) 

False alarm (%) 0(0/416) 10.3(3/29) 

False Dismissal (%) 0(0/376) 0 (0/59) 

 
 

TABLE. VII. COMPARATIVE RESULTS OF STATIC SECURITY 
CLASSIFICATION 

Performance BVM 
classifier 

CVM 
classifier 

ANN 

Accuracy (%) 96.59 (85/88) 95.8 82.6 

Misclassification Rate (%) 3.40(3/88) 4.2 13.29 

False alarm (%) 10.3(3/29) 3.03 8.79 

False Dismissal (%) 0 (0/59) 4.83 12.86 

 
 

IV. CONCLUSION 

 
BVM-based SSA technique using IEEE 57 bus power 

system has been proposed in this work and motivated by the 
enclosing ball (EB) problem instead of minimum enclosing 
ball (MEB) used in CVM.  From the data set, the core set 
has been obtained by using an efficient (1+) approximation 
algorithm without any numerical solvers. Moreover, the 
different kernels methods have been tested within this 
classification problem, from which one of the well suited 
kernel has been selected. Using this Inverse Squared 
Distance kernel, the core set has been determined with a 
suitable fixed radius, and the centre of the core set also 
obtained using (1+) approximation of EB problem. 
Simulation results of the BVM based classification problem 
reveals higher accuracy and handling of very large data sets 
and also proves that the problem handling capability is 
much faster than CVM and SVM. 

 

ACKNOWLEDGEMENT 

The authors wish to thank the authorities of Annamalai 
University, Annamalainagar, Tamilnadu, India for the 
facilities provided to prepare this paper. 

 

REFERENCES 

 
[1] C.K. Pang, F.S. Prabhakara, A.H.El-Abiad, A.J.Koivo, “Security 

Evaluation in Power Systems Using Pattern Recognition”, IEEE 
Transactions on Power Apparatus and Systems, Vol. PAS-93, pp. 
969–976, 1974. 

[2] A.K.Sinha and I.J.Nagrath, “Pattern Recognition Method for Power 
System Steady state Security Assessment”, Journal of Institution of 
Engineers(India),Vol. 64,pp. 269-271,1984. 

[3] F.F. Wu. And S.Kumagai, “Steady-State Security Regions of Power 
Systems”, IEEE Transactions on Circuit and Systems, Vol. CAS-29, 
No. 11,pp. 703-708, 1982. 

[4] K.S.Swarup and P. Corthis, “Power System Static Security 
Assessment using Self-Organizing Neural Network”, Journal of 
Indian Institute of Science, Vol. 86, pp.327–342, 2006. 

[5] D.Niebur and A. Germond, “Power system static security assessment 
using the Kohonen neural network classifier,” IEEE Transactions of 
Power Systems, Vol.7,No. 2, pp. 865-872,1992. 

[6] J.S.Weerasooriya, M. A. El-Sharkawi, M. Damborg and R. J. Marks 
II, “Towards static-security assessments of a large-scale power 
system using neural networks”, IEE Proceedings-C, Vol. 139, pp. 64-
70, 1992. 

[7] J.N. Hwang, J. J. Choi, S. Oh and R. J. Marks, “Query-Based 
Learning Applied to Partially Trained Multilayer Perceptrons", IEEE 
Transactions on Neural Networks, Vol. 2, pp. 131-136.1991. 

[8] L. Wehenkel, V.Cutsem and M..R.Pavella, “Decision Trees Applied 
to On-Line Transient Stability Assessment of Power Systems", IEEE 
InternationalSymposium on Circuits and Systems, Helsinki, Finland, 
pp. 1887-1890,1988. 

[9] J S. Weerasooriya and M.A. El-Sharkawi, “Towards static security 
assessment of large scale power systems”, IEE Proceedings-C 
Generation, Transmission and Distribution, Vol. 139, pp.64-70, 
1992. 

[10] J S. Weerasooriya and M.A. El-Sharkawi, “Feature Selection for 
Static Security Assessment using Neural Networks”,IEEE 
Proceedings Of I992 ISCAS, San Diego, California, USA,pp. 1693- 
1696, 1992. 

[11] S. Kalyani, K.S.Swarup,“Classifier design for static security 
assessment using particle swarm optimization”, Applied Soft 
Computing, Vol.11 , pp.658–666,2011. 

[12] S. Kalyani, and K.S.Swarup, “Classification and Assessment of 
Power System Security using Multiclass SVM”, IEEE Transactions 
on Systems, Man, And Cybernetics—Part C: Applications and 
Reviews, Vol. 41, pp.753-758, 2011. 

[13] W.Ivor, T. sang, T. James. Kwok, P. M. Cheung. , “Core vector 
machines: Fast SVM training on very large data sets”, Journal of 
Machine Learning Research, Vol. 6,pp..363-392, 2005. 

[14] D.Wanga, B.Zhang, P.Zhang,and H.Qiao,“An online core vector 
machine with adaptive MEB adjustment”, Pattern Recognition 
Vol.43,pp. 3468–3482,2010. 

[15] M.Mohammad and G.B.Gharehpetian, “On-line voltage security 
assessment of power systems using core vector machines”, 
Engineering Applications of Artificial Intelligence, Vol.22, pp.695–
701, 2009. 

[16] I.W.Tsang, A.Kocsor, J.T. Kwok. Simpler core vector machines with 
enclosing balls. Proceedings of the Twenty-Fourth International 
Conference on Machine Learning (ICML), Corvallis, Oregon, USA, 
pp.911-918, 2007. 

[17] M.Mohammad, G.B.Gharehpetian and T.Niknam, “On-line Small-
signal Stability Assessment of Power Systems Using Ball Vector”, 
Electric Power Components and Systems, Vol.38, pp.1427–1445, 
2010. 

[18] N.I.A.wahab, A. Mohamed, A.Hussain, “Fast transient stability 
assessment of large power system using probabilistic neural network 
with feature reduction techniques”, Expert Systems with 
Applications, Vol.38,pp. 112–119,2011 

[19] J. Yang, V. Honavar, “Feature subset selection using a genetic 
algorithm”, IEEE Intelligent Systems, Vol.13, pp.44-49.1998. 

[20] R.Zimmerman, C.Murillo-Sanchez, “MATPOWER Version 3.2: a 
MATLAB power system simulation package. User’s Manual”,. 
Power Systems Engineering Research Center (PSERC). 2007. 

[21] http://www.ee.washington.edu/research/pstca (Power System Test 
Case Archive), 1996.   

[22] "TANAGRA: a free software for research and academic purposes", 
in Proceedings of EGC'2005,RNTI-E-3, vol.2, pp.697-702, 2005 


