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Abstract: A simple and efficient method for optimal selection of weights, along with higher order performance
indices for voltage contingency selection, has been suggested in this paper. Some of the existing performance
indices for voltage contingency selection has been critically reviewed. In this paper Artificial Neural Network (ANN)based approach for contingency selection in voltage security assessment. The proposed approach applied Radial
Basis Function (RBF) networks to forecast the voltage stability level of the system under contingency state. The
RBF networks are trained off-line to capture the nonlinear relationship between the pre-contingency system state
and the post-contingency stability level. Maximum L-index of the load buses in the system is taken as the indicator
of voltage instability. A mutual information-based method is proposed to select the input features of the neural
network. The effectiveness of the proposed approach is demonstrated through contingency ranking in IEEE 30-bus
system. Simulation results show that the proposed method takes less time for training compared to back
propagation neural network and has good generalization abilities.
Index Terms-- Contingency selection, Feature selection, Radial Basis Function network, Mutual information
I. INTRODUCTION
In MODERN energy management systems, contingency screening and analysis are basic and important functions.
In the last two decades, many efficient methods for handling static contingencies have been developed. Most of the
methods utilize the system equipment limits (e.g., transmission line current limits) and system operational limits
(e.g., bus voltage magnitude limits) to form the contingency ranking index [1-7]. In recent years, research attention
has been focused on the dynamic contingency analysis, which requires much more computation to handle the
differential equations. Voltage stability analysis, however, has been somewhat amenable to static (power flow
based) analysis. In voltage stability analysis, the behavior of interest is more on a region (or subsystem) than a
single bus or rotating machine.
In recent years, research endeavors in the area of contingency selection have been directed towards artificial neural
network [8],[9],[10],[11],[13]. Most of the authors have used feedforward neural networks with sigmoidal
nonlinearities for model development. Any continuous function can be approximated to within an arbitrary accuracy
by carefully choosing the parameters in the network provided the network structure is sufficiently large. But the
shortcoming of this network is that it takes long time for training. Also, feedforward network with sigmoidal activation
function in the hidden nodes has no inherent ability to detect the outliers. Even though training is done in off-line,
short training time is preferred as one may have to retrain the networks on a regular basis as the topology or the
system condition changes. Outliers can occur in practice, because it is hard to produce a complete training set
representing all possible operating conditions of a power system.
In this paper, we propose Radial Basis Function (RBF) networks [12] to capture the nonlinear relationship
between the pre-contingency system state and the post-contingency severity level following a contingency. RBF
networks take less time for training and the distance-based activation function used in the hidden nodes gives the
ability to detect the outliers during estimation [13]. While training the neural network, by selecting only the relevant
attributes of the data as input features and excluding redundant ones, higher performance is expected with smaller
computational effort. In this paper, we propose “mutual information” between the input variables and the output as
the criterion to select the input features of the networks. The effectiveness of the proposed method is demonstrated
through contingency selection in IEEE 30-bus test system.
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The remainder of this paper is organized as follows: In Section II, the use of L-index for voltage stability analysis is
reviewed. In Section III, the details of RBF networks and the methodology followed to configure the network from the
input-output training data is explained. Various issues involved in developing the ANN-based model for contingency
selection are given in Section IV. Section V presents the details of the application of the proposed model for
contingency selection in IEEE 30-bus test system.
II. VOLTAGE STABILITY INDEX
A. Localized Concept
It is well known that for most system contingencies, the effects of outages on the system are of a local nature, which
means that the major effects of a perturbation are limited to a certain neighborhood close to the original perturbation
point. This concept has been well exploited in static security analysis, from the concentric relaxation method [11] to
the complete bounding method [2]. Since the major concern in static security analysis is the violation of system
operational limits, like the thermal limits of lines and the upper and lower voltage magnitude limits at buses, it is not
necessary to take into account the control relations between load buses and generation buses. The system is just
divided into the inner subsystem near the contingency, the outer subsystem that is not affected and the boundary
subsystem, according to the contingency and system topology. Then the situation in the inner subsystem can be
scrutinized by using sparse vector techniques [12].
In the study of voltage stability problems, we can also take advantage of the local nature of contingency effects.
However, the local area (subsystem) studied must include the controlling buses (usually the generation buses) as
well as those load buses that they control, and sometimes the boundary (interface) flow information. Thus, we may
consider such a subsystem as a self-contained voltage control area with its reactive reserve basin. The contingency
severity then can be studied based on the subsystem conditions. The problem then is how to properly define such a
subsystem. Since all the buses in one voltage control area should structural observability and controllability have low
impedance paths to each other, the electrical distance developed in [10] may be a good measure to decide the
proper voltage control area.
The static voltage stability analysis involves determination of an index known as voltage stability index. This index is
an approximate measure of closeness of the system operating point to voltage collapse. There are various methods
of determining the voltage collapse proximity indicator. One such method is the maximum L-index of the load buses
in the system proposed in [3]. It is a measure of the voltage collapse and is based on load flow analysis. Its value
ranges from 0 (no load of system) to 1 (voltage collapse). The bus with the highest L index value will be the most
vulnerable bus in the system. The L-index calculation for a power system is briefly discussed below:
Consider a N-bus system in which there are Ng generators. The relationship between voltage and current can be
expressed by the following expression:
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Vi – Voltage magnitude of i generator bus
th
Vj – Voltage magnitude of j generator bus
 ji – Phase angle of the term F ji

i
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– Voltage phase angle of i generator bus.

Ng – Number of generating units.
It was demonstrated that when a load bus approaches the voltage collapse point, the L-index approaches the
numerical value of 1. Hence, for a system-wide voltage stability assessment, the index evaluated at any of the
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buses must be less than unity, and the maximum value of the L-index gives an indication of how far the system is
from voltage collapse.
III. REVIEW OF RADIAL BASIS FUNCTION NETWORK
Radial basis function network [12] is a class of single hidden layer feedforward neural network. Fig 1 shows the
schematic diagram of a RBF neural network. The input nodes pass the input directly and the first layer connections
are not weighted. The transfer functions in the hidden nodes are similar to the multivariate Gaussian density
function,
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Fig1.Schematic Diagram of RBF neural network
The training in RBF networks is done in three sequential stages as against the single optimization
procedure followed in back propagation network training. The first stage of the learning consists of determining the
unit centers  j by the K-means clustering algorithm. Next, we determine the unit widths  j using a heuristic
approach that ensures the smoothness and continuity of the fitted function. The width of any hidden node is taken
as the maximum Euclidean distance between the identified centers. Finally, the weights of the second layer
connections are determined by linear regression using a least-squares objective function.
RBF networks can be viewed as an alternative tool for learning in neural networks. While RBF networks exhibit
the same properties as back propagation networks such as generalization ability and robustness, they also have the
additional advantage of fast learning and ability to detect outliers during estimation.
IV. PROPOSED METHODOLOGY FOR CONTINGENCY SELECTION
The proposed method for contingency selection is based on RBF neural networks. The objective is to estimate the
voltage stability level for each contingency and rank them according to their severity level. The study presented in
this paper focuses on single line outages and the voltage stability level is expressed by the maximum L-index value.
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For model development, a large number of training data is generated through off-line power system simulation.
Pre-contingency state power flows are the input to the neural network and the maximum value of L-index following a
contingency is the output of the network. A feature selection algorithm based on mutual information between the
variables is applied to select the input features of each network. The selected features after normalization are
presented to the RBF networks for training. After training, the networks are evaluated through a different set of
input-output data. The above steps are repeated for every selected contingency. Once the networks are trained and
tested, they are ready for estimating the L-index values at different operating conditions. These estimated values of
L-index for different contingencies are ordered from highest to lowest. For the purpose of contingency selection, a
threshold is set and those contingencies having the value of L-index greater than that threshold are selected for
further analysis and the others are discarded. The various steps involved in the development of ANN-based model
are presented in the following subsections.
A. Training Data Generation
The generation of the appropriate training data is an important step in the development of ANN models. For the
ANN to accurately predict the output the training data should represent the complete range of operating conditions
of the system under consideration. The training data for the development of ANN is generated through the following
procedure:
 First, a range of situations is generated by randomly perturbing the load at all buses from the base case value
and by adjusting the generator output in proportion to the output in the base case condition. For each loadgeneration pattern, load flow study is conducted to obtain the pre-contingency quantities.
 Next, for each load-generation pattern, the single line-outages specified in the contingency list is simulated
sequentially and the L-index values are evaluated by conducting AC load flow.
B. Feature Selection
As most of the contingencies are localized in nature, all the variables in the input vector may not exert equal
influence on the post-contingency L-values. Irrelevant and redundant attributes in the input not only complicate the
network structure, but also degrade the performance of the networks. By selecting only the relevant variables as
input features and excluding irrelevant ones, higher performance is expected with smaller computational efforts.
The “mutual information” between the input variables and the output provides the basis for feature selection in this
work.
(i) Definition of Mutual Information
The two stage feature selection technique has an irrelevancy filter and redundancy filter to remove irrelevant and
redundant candidate inputs of SI in the first and second stages, respectively. Both the filters are based on the
mutual information (MI) criterion. Despite linear feature selection techniques, such as correlation analysis, MI can
also evaluate nonlinear dependencies [2]. Both price spike occurrence and value have nonlinear relationships with
their inputs. The MI of two continuous random variables a and b, denoted by MI(a;b), is defined based on their joint
probability density function P(a,b) and respective individual probability density functions P(a) and P(b) as follows [7]:
 P (a, b ) 
MI (a ;b )  P (a, b ) log 2 
MI
 dadb
 P (a )P (b ) 
between two discrete random variables a and b with N and M discrete values, respectively, is as follows:
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More details about the computation of MI can be found in [7].
Suppose that xi  SI is a candidate input and y is the target variable or forecast feature of the forecast process.
For the prediction of price spike occurrence and value, y is a binary variable and real variable, respectively. More
mutual information between xi and y, i.e. more MI(xi;y), means that xi is a more relevant feature for the forecast of y.
Thus, the first stage or irrelevancy filter of the feature selection technique selects candidate inputs of SI that their
MI(xi;y) values are higher than a relevancy threshold TH1 and filters out the other irrelevant features. The second
stage or redundancy filter removes redundant features among the selected candidate inputs of the irrelevancy filter.
More mutual information between two candidate inputs xi and xk, or more MI(xi;xk), results in their more redundant
information. Therefore, the following redundancy criterion RC(.) is defined:
RC ( xi )  max

xm  S1 { xi }

 MI ( xi ; xm )

where S1  SI denotes the subset of features selected by the irrelevancy filter in the first stage. Note that xm S1–{xi}
in (3), since each feature is fully redundant with itself and so we should exclude xi from S1. If RC(xi) becomes
4
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greater than a redundancy threshold TH2, xi is considered as a redundant candidate input and so between this
candidate and its rival, one feature should be filtered out. For instance, suppose that:
arg max  MI ( xi ; xm )   xr
xm  S1 { xi }

(4) In other words, xi has the highest redundancy (mutual information) with xr among all features of the subset S1–
{xi}. We call xr as the rival of xi. If MI(xi;xr)>TH2, between xi and its rival xr, one feature should be eliminated. For this
purpose, the relevancy factors of these features, i.e. MI(xi;y) and MI(xr;y), are considered and the feature with lower
relevancy factor (less relevant feature or less effective feature for the forecast process) is filtered out. The
redundancy filtering process is repeated for all features of S1 until no redundancy measure of (3) becomes greater
than TH2. The remaining features of S1, owning RC[.] less than TH2, constitute the selected features of the two
stage feature selection technique, denoted by SC in Fig. 1. The subset SC includes relevant and non-redundant
candidate inputs of SI. The thresholds TH1 and TH2 are degrees of freedom of the two stage feature selection
technique. These thresholds and the adjustable parameters of the forecast engine are fine-tuned by a crossvalidation procedure [2]. Since, both the stages of this feature selection technique are based on the MI criterion,
hereafter we call it MI-MI also shown in Fig. 1.
MI-MI is an efficient dimension reduction method. However, it considers the whole common information of two
candidate inputs as their redundant information. In this paper, a more accurate formulation of redundancy is
proposed evaluating common information between two candidate inputs about forecast feature as their redundant
information. This matter is graphically shown in Fig. 2. In this figure, xi and xk are two candidate inputs and y is the
forecast feature. H(.) represents entropy function for a random variable measuring its uncertainty. Mathematical
details of entropy function can be found in [7]. MI(.;.) functions and their relations with H(.) functions are also shown
in Fig. 2. As seen from this figure, the whole common information between two candidate inputs xi and xk or MI(xi;xk)
is area 1+4. However, what is important for the forecast process is the common information of xi and xk about the
target variable y. In other words, area 4 in Fig. 2 represents the real redundancy between xi and xk for the forecast
process. In [7], it has been discussed that if two candidate inputs xi and xk are closely related, the area 1 in the
figure is large and this can degrade the performance of the feature selection technique. In other words, two features
may have a lot of common information (large area 1), while they have little common information about the target
variable (small area 4). So, a feature with little redundant information about the target variable may be considered
highly redundant and filtered out. Therefore, considering such measures for redundancy evaluation can be
misleading and some examples in this regard are given in [7]. Several researchers in the area of machine
intelligence and learning tried to solve this problem. As some examples, in an earlier work [8], Battiti used the sum
of MI values between a feature and a set of pre-selected features as the redundancy measure of the feature. To
compensate the effect of the overestimated redundancy, a user-defined parameter (β) was utilized to weight the
redundancy term. In [9] a criterion, same as the Battiti's proposed criterion, was used to measure the redundancy,
but the penalty factor (β) of [8] was changed in [9] such that the average of MI values between the candidate feature
and pre-selected features was considered as the redundancy measure. However, the problem still remains and the
redundancy measure is not exact. Kwak and Choi [7] changed the redundancy criterion. They used conditional
mutual information (CMI) concept to correctly measure the redundancy among features (common information about
the target variable). However, the CMI based approach of [7] is based on the following condition:
MI (x i ; x k | y ) H (x i | y )

MI (x i ; x k )
H (x i )
The above condition is hard to satisfy when information is concentrated on one of the regions. A more detailed
discussion about these research works and their limitations can be found in [10]. Also, a combination of normalized
mutual information and genetic algorithm is proposed for feature selection in this reference. However, their method
is computationally expensive, since many trial solutions should be examined by the genetic algorithm.
In this paper, a new criterion with low computation burden is proposed to accurately measure redundancy
between two candidate inputs in a forecast process without any limitation. This criterion is based on information
theoretic criterion of interaction gain (IG). IG is defined for two random variables xi and xk in the context of the third
variable y as follows [11,12]:
IG(xi;xk;y)
=
MI[(xi,xk);y]
–
MI(xi;y)
–
MI(xk;y)
where xi,xk is an argument of MI[(xi,xk);y] and y is its another argument. In other words, MI[(xi,xk);y] measures
mutual information that joint variables xi and xk have with y.
The proposed redundancy criterion for two candidate inputs xi and xk, denoted by RE(xi;xk), is defined as follows:
RE(xi;xk) = |IG(xi;xk;y)|
where |.| is the absolute value sign. For the acceptance of this redundancy criterion, we must show that: 1) It can
correctly measure real redundancy between two candidate inputs 2) It can be computed with a reasonable
computation burden.
B. Data Normalization
5
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The first stage of RBF network learning is the identification of the cluster centers through K-means clustering
algorithm which uses Euclidean distance as a measure of dissimilarity. Distance norms are sensitive to variations in
the numerical ranges of the different features. For example, the Euclidean distance assigns more weighting to
features with wide ranges than to those with narrow ranges. To overcome this problem, input data is normalized
before presenting it to the clustering algorithm. The input data is normalized between 0 and 1 using the expression,

xn 

x  xmin   range starting value

xmax  xmin 

where, x n is the normalized value and

xmin and x max are the minimum and maximum values of the variable x .

D. Network Training and Evaluation
For the prediction of maximum L-index for each line outage, separate RBF network is trained. The selected
variables after normalization are presented to the network. Twenty iterations of the clustering algorithm followed by
linear regression are performed to estimate the parameters of the network. As the value of basis functions is not
known in advance, a trial-and-error procedure is followed to select the optimum number. After training, the networks
are tested with the test data set to assess the generalization capability of the developed network.
V. SIMULATION RESULTS
This section presents the details of the simulation study carried out on IEEE 30-bus system for contingency
selection using the proposed method. IEEE 30-bus system consists of 6 generators, 24 load buses and 41
transmission lines. The transmission line parameters and generator cost coefficients are given in [14]. For this test
system, based on the contingency analysis conducted at different loading conditions, seven single line outages (12), (1-3), (10-20), (28-27), (4-12), (6-7) and (9-10) were identified as severe cases. The details of the ANN models
developed to estimate the voltage stability level for these seven contingencies are presented here.
A. Performance of RBF Network
Based on the algorithm given in section IV.A, a total of 1000 input-output pairs were generated, with 750 for
training and 250 for testing. The L-index proposed in [3] and presented in Section II is used as the voltage stability
index. To select the input features, the input variable is divided into five levels and output is divided into three
groups. Mutual information of each variable with respect to the output is evaluated using (7) and (8). For illustration,
the mutual information between the input variables and the output for contingency (1-2) is shown in Fig 2. From this
figure, it is evident that only a few variables are having significant information and the remaining variables have very
less amount of information. The first few variables which have high mutual information value are selected as
features to train the ANN, and the remaining variables are discarded from further consideration. The selected
features for the seven models are presented in Table I.
After training, the generalization performances of the networks are evaluated with the 250 test data. The results
of training and testing phase for all the seven models are presented in Table I. The results clearly show that the
training of the RBF networks has been successful and the correct estimation of L-index has been achieved by the
RBF network even for previously unseen data.
Table II presents the L-index values estimated using the developed ANN models for one particular loading
condition along with the ranking of the contingencies. For comparison, the actual values of L-index calculated from
AC load flow study are also presented. The result shows the agreement between the actual ranking and the ranking
based on the output of the neural networks.
TABLE I. TRAINING AND TESTING PERFORMANCE OF RBF NETWORK
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Fig. 2 Mutual information for variables in model 1-2
TABLE II
COMPARISON OF RBF OUTPUT AND LOAD FLOW RESULT
LINE
OUTAGE
1-2
1-3
4-12
6-7
9-10
10-20
28-27

RBF OUTPUT
RANKING
LMAX
1
0.28
5
0.18
2
0.20
6
0.15
3
0.18
4
0.16
7
0.16

LOAD FLOW RESULTS
RANKING
LMAX
1
0.29
5
0.16
2
0.21
6
0.16
3
0.19
4
0.17
7
0.15

B. Comparison with Multilayer Perceptron Network
To compare the performance of the proposed RBF network-based approach with the commonly used neural
network architecture, multilayer perceptron (MLP) networks are developed to estimate the L- index values. The
networks are trained with the conjugate gradient algorithm to reach the same error level achieved by the RBF
networks during the training. After training, the networks are tested with the test data.
TABLE III
COMPARISON OF RBF WITH MLP FOR MODEL (1-2)
TYPE OF
NO OF
CPU TIME
TESTING
NETWORK
HIDDEN
ERROR
NEURONS
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RBF
MLP

20
8

0.332
2.332

0.000176
0.000394

The CPU time for training one particular model (1-2) is presented in Table III. From this table, it is observed that
RBF networks take less time for training, but they require more number of hidden nodes as compared to multilayer
perceptron networks. Apart from that the RBF network exhibits better generalization performance than the MLP
network in most of the cases.
VI. CONCLUSION
This paper has presented a radial basis function network-based fast contingency selection method for voltage
security assessment. A set of RBF networks have been trained to map the nonlinear relationship between the precontingency operating conditions and the post- contingency stability index. The problem of feature selection is
addressed through mutual information between the input variables and the output security index. Simulation results
on the IEEE 30-bus test system show that the proposed RBF network-based approach provides accurate estimation
of post-contingency L-values for various operating conditions. Also, the proposed approach significantly reduces the
development time.
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