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Voltage stability has become an important limit in practical systems for ensuring security and its enhancement.
Therefore, a composite voltage index combining the voltage violations and stability margin is being proposed in
this paper for static voltage contingency selection and ranking. Due to its ability to learn off-line and produce
accurate results on-line, artificial neural network (ANN) is being applied here for ranking of critical contingencies.
A novel feature selection method, which exploits the coherency existing between load buses with respect to voltage
dynamics, is used to reduce to the dimension and training time of neural network. The proposed method has been
tested on IEEE 30-bus test system and is found to produce accurate results for previously unseen operating conditions

almost instantaneously.
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INTRODUCTION

Maintaining adequate voltage profile has become a major prob-
lem for the utilities due to stressed operation of present day power
systems. For the system to remain secure in real time situations,
it is essential to monitor the system status with load changes and
contingencies and take preventive actions every time a contin-
gency drives the system towards insecure state. It is not practical
to run full ac load flow for all credible contingencies of a large
power system, as the computational time required would be very
large. Hence contingency selection is done to bring down the
number of contingencies to a computationally manageable level.
Contingencies are ranked in order of their severity with the help
of an efficient severity index. The accuracy in ranking and
successful screening of contingencies depends on the choice of
severity index.

Several indices have been proposed for analyzing voltage
stability of power system. Eigen value', singular value®, and
sensivity methods’, and indices based on worst-case reactive
margin® are available in literature. Higher order indices have
also been proposed to increase accuracy and refine the
linear estimates’ ®. Chowdhury and Taylor’ have shown that
power flow based approaches are suitable for initial screening
but decision regarding operating limits should to taken by using
time simulation. All the methods discussed above require
comparatively large computation time and do not offer quick
screening of outages and hence are not suitable for on-line
applications.

Recently, use of linear and quadratic sensitivities® of the PV
margin to the contingency, was proposed for faster margin
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estimation. Vahedi er al’ have proposed two load flow based
indices for quick screening and ranking of contingencies. Refer-
presented a method for on-line contingency ranking
based on voltage stability margin. T Van Cutsem et al'’ presented
an approach for voltage security assessment with respect to
contingencies where limits are evaluated off-line and updated
on-line. It has been observed that an individual index cannot rank
the severity of a contingency perfectly for different systems,
under different conditions, while an index which combines dif-
ferent severity indices and assigns different weights to them
provides a good capture ratio and better ranking".

Conventionally, voltage security has been assessed by monitoring
performance indices calculated from voltage or reactive power
limit violations. However, in modern power systems voltage
alone cannot be used for assessing voltage security as the in-
creased used of compensating devices, static VAR compensators
etc., raise voltages to normal range, making it a poor indicator of
security. Voltage stability has become an important limit in
practical systems for ensuring system security and its enhance-
ment therefore, in this paper an composite voltage performance
index combining the effect of voltage violations and voltage
stability margin is proposed which is observed to be very effective
in selection and ranking of voltage contingencies.

Artificial neural networks (ANN) have been proposed for static
and dynamic voltage security/stability evaluation'''*~** as they
have the ability to produce the value of the severity indices
accurately and almost instantaneously. References' > employ
multi-layer perceptron networks trained by back- propagation
(BP) algorithm. Reference” applied Kohonen’s self-organizing
feature map, Lo et al*> proposed a counter propagation neural
network (CNN), Pandit, e al'' applied a parallel self-organizing
hierarchical neural network (PSHNN) and in Srivastava,
et al” a hybrid neural network was proposed for quantifying
and analyzing voltage security problems. In Wan and Song™ a
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hybrid ANN, combining supervised and unsupervised neural
network was proposed for determining voltage stability margin
as well as weak areas. A fuzzy version of multi- layer neural
network was proposed™ for ranking of voltage contingencies.
Rafaee, e al’® proposed a radial basis function (RBF) neural
network for contingency analysis in planning studies.

This paper proposes a simple and fast method for voltage security
assessment based on a composite voltage index, which is evalu-
ated off line, and the generated data is used to train an ANN to
produce the value of this index on-line even for previously unseen
operating conditions. The ranking of contingencies based on the
composite voltage index is found to be more accurate as it
includes the effect of voltage violations as well as stability mar-
gin. The performance of the ANN is improved by employing
adoptive learning” with conventional back-propagation algo-
rithm.

The neural network performance is highly influenced by the input
features selected for its training. Selection of optimum number of
inputs has therefore been an important research issue. Mansour,
et al and Lo, et al ' * have shown the effect of input features on
the performance of neural network. Lo, et al” an index was
developed to decide the optimum feature size for a two-class
problem. Angular distance based clustering approach was used in
Pandit” to identify the significant input features. Srivastava, et
al’® presents a comparison of different methods of input feature
selection for neural networks.

A novel feature selection method, which exploits the coherency
existing between load buses with respect to voltage dynamics, is
proposed in this paper to reduce the dimension and training time
of neural network. Coherency between the load bus voltages of
the power system with respect to the voltage dynamics is used to
group load buses into coherent clusters, each supplying one
representative voltage as input attribute for training the neural
network. As the ANN requires only voltages at a few buses as
inputs, there will be considerable saving in the cost of hardware
installed at the measurement sites and communication burden on
the central processing computer would also reduce. The proposed
method has been tested on IEEE 30-bus test system and is found
to produce accurate results for previously unseen operating con-
ditions almost instantaneously.

METHODOLOGY

Feature Selection

The coherency between load buses, with respect to voltage dy-
namics and graph theory has been used to form clusters of load
buses. Then only one representative bus voltage from each cluster
is used an input feature for the ANN resulting in significant
reduction in ANN size.

Let W=1{1,2,3,...... , m} be a number of load buses of the
power system. A coherency relation on W may generally be
defined as”™

C= G )G J. V. 8) < (1)
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where f () — R"is the criterion function for selection of coher-
ent pairs of load buses and it is symmetrical with respect to bus i
and bus j.

fG J, Vi) =3, i, V. §) 2

Vector ¢ € R¥ is a vector of criteria thresholds chosen for a
particular coherency relation f. A criterion, which is suitable for
monitoring voltage security of power system is given below.

The inverse Jacobian matrix [A B]t shown in equation (3) relates
the changes of phase angles and voltage magnitudes to the
changes in system loading [A ] which are causing these
changes. As the objective of clustering here is assessment
of voltage security, the sensitivity matrix B will be considered
for finding coherency between load buses. The row r; of
matrix B is a vector whose inner product with the disturbance
vector [A ] is the corresponding change in voltage magnitude
on bus i.
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If r; and r; are very close then equation (4) holds good for all load

changes and an m X m matrix C can be constructed whose
elements satisfy the following criterion”.

1, if %281 and IIri—rjIISEQ
Cij = e 6)

0, otherwise

By a suitable choice of € and &, a variety of possible clusters can
be obtained. If cosine of the angle between the two vectors r; and

rp is greater than a specified threshold (g,), and the Euclidean

distance between them is lesser than another threshold (&), then
the two vectors r; and r; are grouped into the same cluster,

otherwise a new cluster is formed. The process is repeated at all
the load buses of the system until stable clusters of load buses are
formed. The coherency relation may be defined as

c = |G picy = 1] )
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The ordered couple G = (W, C) can be found out where G is the
undirected coherency graph. The following steps are used for
forming coherent cluster of load buses™.

L. TInitialize the counter: 1 -k, G = G(f -t

II.  Find the graph G* = (Wk, Ck) c Gok_ !'such that it is a
complete graph (or clique) of the maximum size.

III. Form the graph Gf by removing the set of buses Wk,

which belong to Gk, and all elements of C (branches)
connected to those buses.

IV. Increase counter k + 1 — k, If Gf is not a null graph, go
to step II, else, stop.

A large number of load patterns were generated randomly by
perturbing the load on all the buses of the system and inverse
Jacobian matrix was constructed for each case. Distance of one
row of the B matrix, which corresponds to one bus 7, is found with
respect to the other row, which corresponds to bus j, for all the
patterns to form coherent clusters of the load buses.

Voltage Collapse Proximity Indicator (VCPI,)

The maximum row-sum dependent index™ defined as the product
of maximum row sum of the Jacobian and its inverse. This index
is also called the condition number corresponding to the maxi-
mum absolute row-sum of the Jacobian matrix. It is very helpful
in evaluating the distance of the operating point from the voltage
collapse point as its value rises very sharply near the collapse
point acting as an alarm for the system operator to avoid voltage
collapse. Itis used here as the voltage collapse proximity indicator
given by

VCPI, = I, . 7", 8)

Voltage Performance Index (PI,)

The severity of contingency can be determined by evaluating the
voltage performance index™>>?' given by

Pr, = 3 (wi/m) (f,-)M ©)

where function f; is defined as

fi=Vv, -y for v; > v;/m%

fi=vmn _y, for V; < ymin

1

where f; is a function of limit violated buses, V; is the post

contingent voltage at the ith bus, V;"** and Vimin are the upper
limit and lower limit of voltage at ith bus, w; is the weighing
function and M is the order of the exponent. It was observed that
by usingw; = land M = 4, masking effect is minimized for the
test samples studied.

Composite Voltage Index

Sometimes, the contingencies that are critical from voltage vio-
lation viewpoint result into a very small value of VCPI, and
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therefore are not selected in the list of critical contingencies.
Hence a composite voltage index is proposed combining the
effect of both PI, and VCPI; as it provides better selection and

ranking of critical contingencies. The composite voltage index is

given by

w1 (PI,) + w, (VCPL)
wi + wyp

Composite Voltage Index = (10)
where w, and w, are weighing factors and PI, and VCPI, are
normalized values of the indices.

Algorithm

Algorithm for contingency screening and ranking based on the
Composite Voltage Index is as follows:

1. A large number of load patterns are generated randomly
by perturbing the real and reactive loads at all the buses
and the clustering algorithm is applied to group load buses
into clusters.

2. One bus from each cluster is selected and voltage at that
bus is used as input feature, for training the four-layered
neural network with adaptive learning rate.

3. Full ac load flow is run for each load pattern for all the
single line outage contingencies and PI, and VCPI, are
calculated. Contingencies resulting into significant values
of PI, and /or VCPI, are short listed for on-line ranking
by the neural network.

4. To avoid the suppressing of smaller valued dated by the
higher valued inputs the data selected (bus voltages) is
normalized between 0.1 and 0.9 over complete range.

5. The calculated values of PI, and VCPI, are normalized
for each pattern, ie contingency having highest value of
the index for a pattern is assigned a value equal to 0.9.
The composite voltage index is calculated using equation
(10).

6. The normalized value of voltages at each selected bus and
total real and reactive loads are applied to the artificial
neural network along with a topology number for
producing composite voltage index.

7.  The training of the artificial neural network is continued
till a desired level of accuracy is obtained. The

performance of the trained neural network is tested on
previously unseen load scenarios.

RESULTS AND DISCUSSION
Feature Selection

One hundred load scenarios were generated by varying the load
at each bus of IEEE 30 bus system randomly in = 50% of base
load. Applying the clustering algorithm discussed earlier, the 24
load buses were grouped into separate clusters by trying different
combinations of €, and €,. Figure 1 and Figure 2 show the different
clusters formed. Table 1 shows the details of the six clusters
formed with €,=0.9475 and €,=0.02. Voltages (normalized) at bus
no 7,12,19,26,28 and 30 were found to be optimum to train the
ANN. Thus ANN input dimension was reduced by one fourth.
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