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Abstract—This paper validates the effectiveness of an
enhanced particle swarm optimizer (Enhanced-PSO) method in
solving the problem of optimal allocation of FACTS devices in a
power system. The performance of the Enhanced-PSO method is
compared with classical optimization approaches using a simple
but realistic case study of optimal allocation of STATCOM
devices, considering steady state and economic criteria. This
paper also discusses the concepts and details about the
optimization process that tend to be overlooked in the literature
since the selection of an optimization algorithm highly depends
on them.

Index Terms— FACTS devices, classical optimization, Benders’
decomposition, branch and bound, evolutionary computation
techniques, particle swarm optimization.

I. INTRODUCTION

HE topic of optimal allocation of FACTS (Flexible AC

Transmission System) devices is still in a relatively early

stage of investigation. Currently, there is no widely
accepted method and many researchers claim their methods to
be “better” than others. Considering the present state-of-the-
art in this area, a comparison of different methods, particularly
between classical and metaheuristic approaches, has been
difficult because each study focuses on different problem
formulations, system sizes and operating conditions.

This paper provides a common background for comparing
the performance of classical and metaheuristic optimization
algorithms. In particular between Bender’s decomposition and
Branch-and-bound (B&B) and the Enhanced-PSO method,
which has been proven to be more effective than other
metaheuristic optimization techniques [1]. A simple but
realistic case study of optimal STATCOM allocation (a type
of FACTS device), based on steady state and economic
criteria, is used as an illustrative example.

It is important to note that the focus of this paper is not to
find a solution to the particular problem, but rather to illustrate
the differences between classical deterministic approaches and
metaheuristic techniques and to comment on important details
about the optimization process that tend to be overlooked in

This work has been partly supported by NSF Grants ECS #0524183 and
ECCS #0348221.

Ganesh K. Venayagamoorthy
Department of Electrical and Computer Engineering
Missouri University of Science and Technology
Rolla, MO 65409 USA
gkumar@ieee.org

the literature: optimization of offline problems, understanding
convexity assumptions (that do not apply only to the objective
function), and the discussion about local versus global
optimality (for a given objective function).

The following sections of this paper provide: an
optimization background (section II), concepts and issues that
should not be disregarded (section 111), a problem description
(section 1V), optimization algorithms (section V), simulation
results (section V1), and concluding remarks (section VII).

Il. BACKGROUND

The optimization techniques used to solve the optimal
allocation of FACTS devices can be decomposed into two
primary groups: classical approaches and metaheuristic
algorithms, consisting of mainly evolutionary computation
techniques (ECTs). A third group of alternative methods, such
as modal analysis, may also be considered. However, these
methods are primarily based on technical feasibility rather
than on finding optimal solutions.

A. Classical Optimization Techniques

In the literature, two classes of classical optimization
methodologies have been applied to this problem: (i) Mixed
Integer Linear Programming (MILP) [2]-[4] and (ii) Mixed
Integer Non-Linear Programming (MINLP) [5]-[7].

On the one hand, the MILP formulation, as the name
indicates, requires the relationships between all variables to be
linear. Thus, this approach can be only used together with DC
power flow only. The main algorithms for solving the MILP
problem are Bender’s Decomposition [2], Branch and Bound
(B&B), and Gomory cuts [3], [4]. On the other hand, the
MINLP formulation allows for the use of a non-linear
objective function and constraints, thus, AC power flow can
be used in this case. The algorithm most widely utilized for
solving the MINLP problem is Bender’s Decomposition [5]-
[7]. Unfortunately, the size and non-convexity of the problem,
which depend on the system parameters, are critical issues that
may cause convergence problems.

B. Metaheuristic Techniques

Computational intelligence based techniques, such as
Genetic Algorithm (GA) [5], [6], [8]-[11], Particle Swarm



Optimization (PSO) [12]-[14], Simulated Annealing (SA) [8],
[15], Tabu Search (TS) [14], [15], and Evolutionary
Programming (EP) [16], [17], are alternative methods for
solving complex optimization problems.

Candidate solutions play the role of individuals in a
population and the cost function determines the environment
where the solutions exist. Evolution of the population then
takes place and, after the repeated application of biological or
social operators, the optimal solution is reached.

In general ECTs perform well in MINLP problems.
However the scalability of these methods requires further
investigation.

I1l. OPTIMIZATION: CONCEPTS AND ISSUES

A. Optimization of offline problems

A common misperception is the belief that the problem of
optimal allocation of FACTS devices is not challenging from
the optimization perspective because it is an offline problem.
Some presume that the solution is as simple as arranging a
number of computers in parallel and letting them run, for as
long as it takes, until all possible solutions are found and the
best one selected among them.

The fact is that, even when this approach is theoretically
possible to perform for any system, in practice the number of
calculations required to find the solutions to the problem can
grow extremely fast as the size of the system increases and the
objective function becomes more sophisticated (evaluation of
transient performance is computationally intensive). If it is
also required to satisfy the N-1 or N-2 contingency criteria, or
add stochastic components and uncertainties to the system, the
number of cases to evaluate simply becomes uncountable.

Therefore, the study of optimization algorithms applied to
system planning problems, such as the problem of FACTS
allocation is not trivial.

B. Convexity assumptions

The concept of convexity is mostly analyzed in the case of
the objective function: if the function is strictly convex a
unique optimal solution is guaranteed (Fig. 1.a).
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Fig. 1: Global versus local minima

This characteristic is most desirable but it rarely occurs in
power system problems. Most of the time the plot of the
objective function resembles the function in Fig. 1.b. As a
result, gradient descent algorithms are prone to getting trapped
in local valleys (local minima). In these cases, special
mechanisms, such as injecting randomness to the search, must

be considered.

The convexity assumption also applies to the feasible
region. For example, in the case of linear programming
problems, the optimum can be found (either by simplex
method or interior point method) if the feasible region is a
convex set, as shown in Fig. 2.a (as opposed to Fig, 2.b) [18].
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Fig. 2: Convexity of the feasible region

A worst case is presented in Fig. 2.c. where the feasible
region consists of several small areas (white) scattered among
the area limited by the upper and lower bounds of the decision
variables, varl and var2 (black area).

This type of feasible region, as shown later in the paper, is
typical when technical constraints are imposed in the power
system. The optimization algorithms in this case should have
efficient exploration mechanisms so that feasible solutions can
be found fast and therefore minimum computational effort is
wasted wandering around in an infeasible areas.

C. Global Optimality

Another aspect that tends to be overlooked in the literature
is the discussion of global versus local optimality. Contrary to
general opinion, this topic is not related to comparing the
values of different objective functions applied to the same
power system. Instead, it implies the understanding that, for a
given objective function, the problem may a have a unique
optimal solution, thus a local optimum is also the global
optimum (Fig. 1.a) or the problem may have several local
optimal points plus the global optimum. Fig. 1.b represents the
latter, where the first white star represent the minimum in the
interval [a, b], the second white star is the local minimum in
the interval [b, c], and the black star is the global minimum in
the overall interval [a, d].

This previous concept may seem superfluous, however
once an optimization algorithm provides a solution, normally
there are no guarantees about its quality. Proof of global
optimality can be obtained but only under very specific
conditions as in the case of linear programming problems [18].
In the case of MINLP problems, the capability of each
algorithm to find the global optimum, without getting trapped
in local minima, has to be studied separately.

IV. PROBLEM DESCRIPTION

The problem to be addressed consists of finding the
optimal placement (bus number) and power rating (MVA) of
multiple STATCOM units in a 45 bus system, part of the
Brazilian power network (Fig. 3) [19].
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Fig. 3: Diagram of the 45 bus section of the Brazilian power system

The main objective is to minimize the bus voltage
deviations throughout the power system at minimum cost. The
reasons for selecting the objective criteria and specific power
system are: (i) the power system is not large; therefore an
exhaustive manual search can be performed to find the global
optimum, (ii) the problem has a reduced, scattered and non
convex feasible region, and (iii) only a steady state criterion is
considered to avoid possible discrepancies if a transient
analysis was also to be included [20].

A. Objective Function

Two goals are considered: (i) to minimize voltage
deviations in the system and (ii) to minimize the cost. Thus,
two metrics J; and J, are defined as in (1) and (3).

Jy= ,/i(m -1)° (1)

where J; is the voltage deviation metric, V; is the p.u. value of
the voltage at bus £ and N is the total number of buses.

The total cost function, C,,;, consists of two components:
a fixed cost per unit that is installed in the system and a
variable cost that is a linear function of each unit size:

M
Cram[ (M) = C_/ M+ C\: : ZUIJ (2)
p=1
where M is the number of units to be allocated, C; is the fixed
cost per unit, C, is the cost per MVA, and 7, is the size in
MVA of unit p.

Since C;>> C,, it is convenient to normalize each term of
the cost function prior to its inclusion in the objective
function:

M M
C,-2m W
J. = ¢, M + i = M N ’ ®)
PC, My Co Moyl My, Max_MVA

where J, is the cost metric, M, is the maximum number of
STATCOM units to be allocated, and 7, is the maximum
size in MVA of each STATCOM unit.

The multi-objective optimization problem can now be
defined using the weighted sum of both metrics J; and J, to
create the overall objective function J shown in (4).

J=w-J +w,-J, 4)

The weight for each metric is adjusted to reflect the
relative importance of each goal. In this case, considering the
maximum magnitudes of J; and J,, it is decided to assign
values of o, = I and @, = 0.5, such that both metrics have
equal importance.

B. Decision Variables

The decision variables are the location of the STATCOM
units and their sizes. These variables can be arranged in a
vector as:

xi:[}‘i h Ayt 77M] 5)

where A4, p=I1..M, is the location (bus number) of
STATCOM unit p. All components of the decision vector are
integer numbers, thus x; e Z**.

C. Constraints

There are several constraints in this problem regarding the
characteristics of the power system and the desired voltage
profile. Each constraint represents a limit in the search space,
which in this particular case corresponds to:

Generator buses are omitted from the search process since
they have voltage regulators to regulate the voltage.

e Bus numbers are limited to {7, 2,..., N}.

¢ Only one unit can be connected at each bus.
e The number of units: /<M < 5.

e The size of each unit: 0<#, <250 MVA.

e The desired voltage profile requires N additional
restrictions defined as:

0.95<¥, <105, Vke{l2,..,N} (6)

Each solution that does not satisfy the above constraints is
considered infeasible.

V. OPTIMIZATION ALGORITHMS

For the optimal allocation of multiple FACTS units in a 45
bus system, three algorithms are fully developed and
compared: Bender’s decomposition, B&B, and Enhanced-
PSO.



A. Benders’ Decomposition

This method separates two sets of decisions that are made
into two consecutive stages. In the first stage of the decision
making, some of the constraints are delayed to reduce the
complexity of the original (master) problem. In the second
stage, some of the parameters that influence the decision,
whose values were originally uncertain, are known and fixed
after the first decision vector is found. Thus the secondary
problem is reduced in complexity and in the number of
variables [21], [22].

In the case of the STATCOM allocation problem, the
master problem considers the decision vector in (5) that can be
naturally separated into one sub-vector for selecting optimal
locations and another sub-vector for choosing optimal sizes.

The separation of the constraints can be stated as follows:

e First stage: sizes of the STATCOM units become
delayed constraints, thus the reactive power limits for
these devices are relaxed in the solution of the power
flow. The voltage reference is set to 1.0 p.u. for each
STATCOM controller. The objective function
corresponds to the voltage deviation metric defined in

).

e Second stage: with the locations of the devices
determined, the set of constraints is limited to those
related to the maximum size of each unit. The objective
function includes the voltage deviation metric and the
cost metric as in (4).

B. Branch and Bound

B&B is a classical approach to search for an optimal
solution by evaluating only a subset of the total possible
solutions. The main steps in the algorithm are [18], [21], [22]:

e Branching: the set of feasible solutions is partitioned
into simpler subsets. At each iteration, one of the
promising subsets is chosen and an effort is made to
find the best feasible solution within it.

e Bounding: the algorithm proceeds to find upper and
lower bounds for the optimal objective value. There is
only one upper bound u at each stage, which
corresponds to the lowest among the objective values of
all the feasible solutions that have appeared so far.

e Pruning: if at certain a stage, one of the subsets has a
lower bound which is greater than the current upper
bound, then the algorithm prunes (discards) that set.

Branching, bounding and pruning are repeated until the
optimal solution is found.

For this particular problem, the objective function is
defined as in (4). The branching strategy corresponds to the
“depth-first search™: for each subset of feasible locations,
branching is performed by dividing progressively the
STATCOM size intervals into smaller sub-intervals. The
bounding and pruning strategies help to narrow the search by
discarding as many sub-intervals as possible until the optimal
value, for the particular subset of feasible locations, is found.

In the next stage another subset of feasible locations is chosen,
and the process is repeated until the set of all feasible
locations is covered.

C. Enhanced -PSO

1) Canonical PSO formulation

The PSO algorithm considers that each particle represents
a potential solution to the problem, thus the particles are
defined as the decision vector in (5). The quality of the
solution, that allows the best position for each particle and the
swarm to be determined, is assessed using the fitness function
defined in (4).

At each iteration, ¢, the position of each particle is
determined by [23], [24]:

xi(6) = xi (t =1 +vi (1) @

The velocity of each particle is determined by both the
individual and group experiences:

V[.(t) =w, .v‘,([—]_)+cl.r1.(pi —x{(l‘—l))+.,,
¢, 7y (P, —x,(t=1)) ©))

where w; is a positive number between 0 and 1, ¢; and ¢, are
the cognitive and social acceleration constants respectively, r;
and r, are random numbers with uniform distribution in the
range of [0, 1]. Finally, p; is the individual best position found
by the corresponding particle and p, is the global best position
found by the entire swarm.

To avoid the divergence of the swarm, a maximum
velocity for each dimension of the problem hyperspace is
defined (Vya).

Additionally, since integer variables are included in the
optimization problem, the Integer-PSO version is used, where
the particle’s position is rounded off to the nearest integer
[24].

The PSO parameters used in this study are [1]:

TABLE I: PSO PARAMETERS

Parameter Optimal value
Inertia constant (w,) Linear decrease (0.9 t0 0.1)
Individual acceleration constant (c,) 25
Social acceleration constant (c;) 1.5
V.ax TOr bus location 9
Vuae fOr STATCOM size 50

2) Enhanced-PSO

For this particular application, the canonical PSO
algorithm described in the previous section is enhanced to
facilitate the search through the problem hyperspace [1].

The additional logic in each individual is defined by the
following rules:

o |f the corresponding particle’s best position, pbest, and the
swarm’s best position, gbest, are both feasible solutions
then the velocity update is performed according to (8).



o If the particle has not found a feasible solution yet, then it
is better to rely on the social knowledge and the velocity
update equation is replaced by:

vi(t) =w, - v,(t =1 +crand-(p, — x,(t -1)) 9)

where ¢ is a single acceleration constant: ¢ =¢; + ¢,, and
rand is a random number with uniform distribution in the
range of [0, 1].

e If none of the particles have found a feasible solution
(gbest and pbest values are both infeasible) then the
velocity of each particle is updated using a random value
of the maximum velocity as shown in (10).

V; (t) = [rl Vinax (1) 7y Vimax (2) 73 Vimax (3) 74 Viax (4)] (10)

where r;, is a random number with uniform distribution in
the range of [0, 1] and v,...(%) is the maximum velocity in
the 2" dimension of the problem hyperspace.

VI. SIMULATION RESULTS

A. Exhaustive search

An exhaustive search is performed on the problem of
optimally allocating M STATCOMS to the power system in
Fig. 3 by running a power flow solution for each case in order
to determine the global optimum. The solution indicates that
the minimum number of devices needed to satisfy the
constraints in Section IV-C is two and the computational
effort corresponds to 37,196,250 power flows.

The feasible region of the problem is reduced, scattered
and non convex. It is not possible to plot the entire feasible
region since the dimensions are greater than three, however
for illustrative purposes Fig. 4 shows the best scenario
considering all possible bus locations and maximum
STATCOM size of 250 MVA for each unit.
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Fig. 4. Feasible region (white areas) over total problem hyperspace.

Fig. 5 shows the percentage of the feasible region with
respect to the total number of cases [1].
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Fig. 5. (a): Percentage of feasible locations over total possible combinations.
(b): Percentage of feasible solutions over total problem hyperspace.

The global optimal solution is to place one STATCOM
unit of 75 MVA at bus 378 and the second unit of 92 MVA at
bus 433. The effect of the two STATCOM units is shown in
Fig.6.
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Fig. 6: Voltage profile without (-e-) and with STATCOM units (- ¢-)

After the devices are optimally placed, all bus voltages are
in the desired range of +5% voltage deviation. Additionally,
the voltage deviation metric J1 improves by 26.5 % from an
original value of 0.2482 to 0.1824.

B. Classical versus metaheuristic approaches

Table 1l summarizes the overall performance data for the
classical and the Enhanced-PSO algorithms. The parameters
considered for evaluating the performance of each method are
the ability of the corresponding algorithm to find the global
optimal solution and its computational effort.

TABLE Il: ALGORITHMS’ PERFORMANCE — 45 BUS SYSTEM

Parameter Benders B&B Enhanced-PSO
Bus 1, Size 1 (MVA) (378, 75) (378, 67) (378, 75)
Bus 2, Size 2 (MVA) (433,92) (430, 150) (433, 92)
Objective function value 0.9174 1.0170 0.9174
Voltage deviation metric 0.1824 0.1819 0.1824
Time (sec) 18,611 846 666
Power flows 63,095 2,155 2,000

Considering the ability of the algorithms to find the global
optimal solution, Enhanced-PSO and Bender’s decomposition,
are able to find the global optimum. On the other hand, the
B&B algorithm gets trapped in a local minimum.

Concerning the computational effort, the number of fitness
function evaluations for Benders’ decomposition is 31.5 times




larger than the Enhanced-PSO, with the resultant increase in
computational time. Nevertheless, both algorithms require
only a fraction of the total computational effort required by the
exhaustive search, 0.17% and 0.005% for Benders,
decomposition and Enhanced-PSO, respectively.

VII. CONCLUSIONS

This paper compares three optimization algorithms applied
to the problem of optimal allocation of FACTSs devices in the
power system: the classical approaches Bender’s
decomposition and Branch and Bound (B&B) and the
metaheuristic technique Enhanced-PSO, which has been
proven to be more effective than other evolutionary
computation techniques to solve this type of problems [1].

Emphasis is placed on aspects of the optimization process
that tend to be overlooked in the literature:

Convergence into feasible regions: for this type of
application the feasible region is reduced, scattered and non-
convex, therefore special consideration has to be given to the
exploratory capabilities of the optimization algorithms.

Global Optimality: until now there is no proof that
metaheuristic algorithms provide global optimality. This paper
analyzes this aspect using a simple but realistic case study of
optimal STATCOM allocation considering steady state and
economic criteria. An exhaustive search is carried out on a 45
bus system to find the global optimum of the problem, so the
quality of results obtained for different optimization
algorithms can be evaluated.

Classical versus metaheuristic approaches: the classical
approaches, Bender’s decomposition and B&B are compared
with the Enhanced-PSO considering the capability of the
algorithms in finding the global optimal solution and their
computational effort. Bender’s decomposition and Enhanced
PSO are capable of finding the global optimum however B&B
becomes trapped in a local optimal point. For all algorithms,
the number of power flow computations is small (compared to
the exhaustive search), but a comparison between them favors
the metaheuristic algorithm since Bender’s decomposition
takes 30.5% more computational effort than the Enhanced —
PSO.

The previous results validate the effectiveness of the
Enhanced-PSO method in solving the particular problem of
optimal allocation of FACTS devices in a power system.
However, a final remark is that, at present, there is no
optimization method that universally outperforms all others.
The selection of an algorithm is problem dependent, and this
paper makes a particular effort in showing different aspects
that should be considered while choosing an optimization
method for any particular problem.

REFERENCES

[1] Y. del Valle, M. Digman, A. Gray, J. Perkel, G. Venayagamoorthy, and
R. Harley, “Enhanced Particle Swarm Optimizer for Power System
applications”, Proc. of the IEEE Swarm Intelligence Symposium, 2008
(SIS 2008). St. Louis, Missouri, September 21-23, 2008.

[2] D. Wanhong, T. Lie, “Optimal compensation of variable series
capacitors for improved economic dispatch in power systems,” Proc. of
the IEEE International Conference on Energy Management and Power
Delivery (EMPD) 1995,Vol. 2, Nov. 1995, pp. 732-737.

[3] F.Lima, F. Galiana, I. Kockar and, J. Munoz, “Phase shifter placement
in large-scale systems via mixed integer linear programming,” IEEE
Transactions on Power Systems, Vol.18, no.3, Aug.2003, pp.1029-1034.

[4] A. Sharma, S. Chanana, S. Parida, “Combined optimal location of
FACTS controllers and loadability enhancement in competitive
electricity markets using MILP,” Proc. of the IEEE Power Engineering
Society General Meeting, 2005. Vol. 1, Jun. 2005, pp. 670-677.

[51 N. Yorino, E. El-Araby, H. Sasaki, S. Harada, “A new formulation for
FACTS allocation for security enhancement against voltage collapse,”
IEEE Transactions on Power Systems, Vol. 18, no. 1, Feb. 2003, pp. 3-
10.

[6] E. El-Araby, N. Yorino, H. Sasaki, “A comprehensive approach for
FACTS devices optimal allocation to mitigate voltage collapse,” Proc. of
the IEEE Transmission and Distribution Conference and Exhibition
2002: Asia Pacific. Vol. 1, Oct. 2002, pp. 62-67.

[71 E. De Oliveira, J. Marangon Lima, K. De Almeida, “Allocation of
FACTS devices in hydrothermal systems,” IEEE Transactions on Power
Systems, Vol. 15, no. 1, Feb. 2000, pp. 276-282.

[8] S. Gerbex, R. Cherkaoui, A. Germond, “Optimal location of FACTS
devices to enhance power system security,” Proc. of the IEEE Power
Tech Conference Proceedings, 2003 Bologna, Vol. 3, Jun. 2003, pp. 7-
14.

[9] S. Gerbex, R. Cherkaoui, A. Germond, “Optimal location of multi-type
FACTS devices in a power system by means of genetic algorithms,”
IEEE Transactions on Power Systems, Vol. 16, no. 3, Aug. 2001,
pp.537-544.

[10] L. Ippolito, P. Siano, “Selection of optimal number and location of
thyristor-controlled phase shifters using genetic based algorithms,” Proc.
of the IEE Generation, Transmission and Distribution, Vol. 151, no. 5,
Sept. 2004, pp. 630-637.

[11] D. Radu, Y. Besanger, “A multi-objective genetic algorithm approach to
optimal allocation of multi-type FACTS devices for power systems
security,” Proc. of the IEEE Power Engineering Society General
Meeting, 2006, Jun. 2006, pp. 8-16.

[12] H. Shaheen, G. Rashed, S. Cheng, “Optimal location and parameters
setting of unified power flow controller based on evolutionary
optimization techniques,” Proc. of the IEEE Power Engineering Society
General Meeting, 2007. Jun. 2007, pp. 1-8.

[13] M. Saravanan, S. Slochanal, P. Venkatesh, P. Abraham, “Application of
PSO technique for optimal location of FACTS devices considering
system loadability and cost of installation,” Proc. of the IEEE 7th
International Power Engineering Conference (IPEC) 2005. Vol. 2, Dec.
2005, pp. 716-721.

[14] H. Mori, Y. Maeda, “A hybrid method of EPSO and TS for FACTS
optimal allocation in power systems,” Proc. of the IEEE International
Conference on Systems, Man and Cybernetics (ICSMC '06), 2006. Vol.
3, Oct. 2006, pp. 1831-1836.

[15] W. Ongsakul, P. Jirapong, “Optimal placement of multi-type FACTS
devices by hybrid TS/SA approach,” Proc. of the IEEE International
Symposium on Circuits and Systems (ISCAS), Vol. 3, May 2003, pp. I11-
375 - 111-378.

[16] J. Hao, L. Shi, Ch. Chen, “Optimising location of unified power flow
controllers by means of improved evolutionary programming,” Proc. of
the IEE Generation, Transmission and Distribution, Vol. 151, no. 6,
Nov. 2004, pp.705-712.

[17] W. Ongsakul, P. Jirapong, “Optimal allocation of FACTS devices to
enhance total transfer capability using evolutionary programming,” Proc.
of the IEEE International Symposium on Circuits and Systems (ISCAS),
Vol. 5, May 2005, pp. 4175-4178.

[18] D. Bertsimas and J. N. Tsitsiklis, Introduction to linear optimization,
Athena Scientific Series in Optimization and Neural Computation, 1997.

[19] S. Mohagheghi, Y. del Valle, G.K. Venayagamoorthy and R.G. Harley,
“A  Proportional-Integrator Type Adaptive Critic Design Based
Neurocontroller for a Static Compensator in a Multimachine Power



[20]

[21]
[22]
[23]

[24]

System”. IEEE Transactions on Industrial Electronics. Vol. 54, No.1,
February 2007, pp. 86-96.

B. Kumar, S. Singh, S. Srivastava, “Placement of FACTS controllers
using modal controllability indices to damp out power system
oscillations,” IET Generation, Transmission & Distribution, Vol. 1, no.
2, March 2007, pp. 209-217.

G.L. Nemhauser and L.A. Wolsey, Integer and combinatorial
optimization, Wiley-Interscience, New York, 1999.

K. G. Murty, Operations research: deterministic optimization models,
Prentice Hall, 1995.

R. Eberhart, Y.Shi and J. Kennedy, Swarm Intelligence. San Francisco,
CA: Morgan Kaufmann, 2001.

Y. del Valle, G.K. Venayagamoorthy, S. Mohagheghi,, J. C. Hernandez,
and R.G. Harley, “Particle Swarm Optimization: Basic Concepts,
Variants and Applications in Power System”. IEEE Transactions on
Evolutionary Computation, Vol. 12, No. 2, April 2008, pp: 171-195.



