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Abstract—A Non-dominated Sorting Particle Swarm
Optimization (NSPSO) is used to solve a mixed contious-
discreet Multi-objective optimization problem witch consist
of optimal location and size of Static Var Compendars
(SVC) and Thyristor Controlled Series Capacitors (TGC)
in order to maximize Static Voltage Stability Margin
(SVSM), reduce power losses (PL) and minimize load
Voltage Deviations (VD). While finding the optimal
location, thermal limits for the lines and voltagelimits for
the buses are taken as security constraints. The
optimization is performed considering two and three
objectives for various combinations of FACTS. Simuldons
are performed on IEEE 14 test system for optimal locébn
and size of FACTS devices. The obtained results areeny
encouraging and reveal the capability of the methodo
generate well-distributed non-dominated Pareto froh

Keywords—Static voltage stability margin, SVC, TCSC,
Multi-objective  optimization, Non-dominated Sorting
Particle Swarm Optimization.

1. Introduction

In the last few years, voltage collapse problems in
power systems have been of permanent concern for
electric utilities: several major blackouts throogh the
world have been directly associated to this phemamg
e.g. in France, Italy, Japan, Great Britain, WSEUEA,
etc. [1]. The analysis of this problem shows ttred
major causes is the system’s inability to meet Var
demands.

Several efforts have been made to find the ways to
assure the security of the system in terms of gelta
stability. It is found that flexible AC transmissigystem
(FACTS) devices are a good choice to improve the
SVSM in power systems, which operates near thelgtea
state stability limit and may result in voltage tadslity.
Moreover it can provide benefits in increasing eyst
transmission capacity and power flow control fléxip
and rapidity [2]. Taking advantages of the FACTS
devices depends greatly on how these devices acegl

in the power system, namely on their location aizé s
[3].

The optimal location and size of FACTS devices has
retained the interest of worldwide researchers dwey
systems. In the stationary mode, FACTS devicesised
to control the power flow in the transmission lirsesswell
as the bus voltages. The required objectives canfbe
technical order or of an economic nature. Various
mathematical methods and criteria are used to @ptim
allocation of these devices in the power systef3¢

A population based approach’s named heuristic
method retained the interest of several researchers
Malihe et al. [3] use Particle Swarm OptimizatidtSQ)
and Genetic Algorithms (GA) for planning SVC in erd
to enhance voltage profile and to reduce total pealer
losses. The two objectives are considered as thesrof
the fuzzy inference system and the output is aexraf
satisfaction of objectives. In [2] the PSO techeigs
used to find the optimal location of multi-type PACTS
devices, namely SVC, TCSC, and UPFC with minimum
cost of installation and to improve the system &dality.
The two objectives are converted into a single ctbje
function. Other works in this field are presented[9]-
[11].

From the previous works, we can conclude that the
problem of optimal location of FACTS devices is
generally formulated as a mono-objective optimati
problem that optimize a single objective function o
transform several objectives to a single objectine
aggregating or via a fuzzy inference system.

The formulation of optimal location of FACTS as
multi-objective optimization problem is a new atf&rin
this field, the authors in [12], use a Multi-objeet
Particle Swarm Optimization (MOPSO) Algorithm to
find the optimal location of Thyristor Controllecei$es
Compensator (TCSC) and its parameters in order to
increase the Total Transfer Capability (TTC), resltatal
transmission losses and minimize voltage deviation.

This paper investigates the optimal location of
FACTS devices as a real multi-objective optimizatio



problem. So, we used a Non-dominated Sorting partic
Swarm Optimization (NSPSO) method to find the
optimal size and placement of the two popular FACTS
namely: TCSC and SVC considering different objexgiv
such as increasing SVSM, decreadiig minimizing the
load VD. The optimization procedure is performed for
two up to four functions for single-type devicesddype
of FACTS is considered) and multi-type of FACTSttbo
SVC and TCSC are considered). The optimized
parameters of FACTS are the location and sizeifgles-
type case, plus the type of FACTS for multi-type
optimization case.

Firstly, the problem is formulated as bi-objective
optimization problem, considering only the minirtina
of real power losses and the maximization of SVE&M.
the second step, three objectives are optimized,
considering also, the minimization of load voltage
deviation.

This paper is organized as follows: section 2 presse
a brief introduction of multi-objective optimizatio
problems. In section 3 the NSPSO algorithm is priesk
along with a detailed discussion. The FACTS modglli
and problem formulation are presented in section 4.
Finally, major contributions and conclusions are
summarized in section 7.

2. Multi-objective Optimization Overview

Many real-world problems involve simultaneous
optimization of several objective functions. Getigra
these functions are non-commensurable and often
conflicting objectives. Multi-objective optimizatiowith
such conflicting objective functions gives riseaset of
optimal solutions, instead of one optimal solutidie
reason for the optimality of many solutions is thatone
can be considered to be better than any otherredect
to all objective functions. These optimal solutioase
known as Pareto-optimal solutions [13].

A general multi-objective optimization problem
consists of a number of objectives to be optimized
simultaneously and is associated with a number of
equality and inequality constraints. It can be folated
as follows [13]:

Minimizef, (x), i =1,...N 1)

g,(x)=0 j=1..M

h(x)<0 k=1,.K @

Subject to constraints{

where, f, is thei™ objective functionx is the decision
vector representing a solution, aNg, is the number of
objectives. To compare candidate solutions in multi
objective optimization problems, the concepts ofeRa
dominance is used. A decision vectaris said to
dominate another vecter(denotedi <) if;

fu)sf v)000{12,.N} £ a)<f¢) B
In this case, the solution dominatesv; uis called the

non-dominated solution. The solutions that are non-
dominated within the entire search space are ddrate

Pareto-optimal and constitute the Pareto-optiméalose
the Pareto-optimal front.

3. Non-Dominated Sorting Particle Swarm

Optimization Method

There are several papers proposed to extend the
Particle Swarm Optimization (PSO) method to haralle
Multi-objective optimization problem [14-20]. Among
these algorithms, NSPSO algorithm is based onahees
non-dominated sorting concept used in NSGA-II [20].
This approach will ensure more non-dominated smhsti
can be discovered through the domination comparison
operations. NSPSO is presented in detail bellow.

The figure 1 presents the principle pifest selection
proposed by NSPSO algorithm.

Non-dominated Crowding
sorting distance pbest<?
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Fig.1. Principleof pbest selection proposed by NSPSO
algorithm.

pbest*
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Instead of comparing solely on a particle’s persona
best with its potential offspring, the entire pagtidn of
N particles’ personal bests ard of these particles’
offspring are first combined to form a temporary
population of A particles. After this, the non-dominated
sorting concept is applied, where the entire pdpras
sorted into various non-domination fronts. Thetffrent
being completely a non-dominant set in the current
population and the second front being dominatedhiey
individuals in the first front only and the fronbgs so on.
Each individual in each front is assigned fitneskigs or
based on front in which they belong to. Individuialshe
first front are given a fitness value of 1 and unduials in
second are assigned a fitness value of 2 and sdnon.
addition to the fitness value, a new parameteredall
crowding distance is calculated for each individtl
ensure the best distribution in the solution. Thewding
distance is a measure of how close an individuabis
neighbors. The global begbest; for the I particlex; is
selected randomly from the top part of the firsinfr(the
particles witch has the highest crowding distand¢).
particles are selected based on fithess and thedarg
distance to plays the role plbest. Such as, when the first
front has more thai particles, we select the particles
that have the highest distance. The update of the
particles position in the research space is basethe
two famous equations [21].

)gkﬂ = )gk +\/ik+1 (4)
Vikﬂ :\N\/ik +c‘1rand1><(pbeg; _)qk)+czrarﬂ2x(m _)gk) (5)



where,

w : weighting function,
: weighting factor,
: random number between 0 and 1,
i personal best of the partidle
i : global best of the particle
v.“ :current velocity of agentat iteration k,

v o current velocity of agentat iteration
X< :current position of agenat iteration k,
X' Icurrent position of agemtat iteration k+1.
The following weighting function is usually utilidg21]:

W —W
W= W, —— =T Xter (6)
iter_..
where,
Wnax - initial weight,
Wnin  : final weight,
iter max - Maximum iteration number,
iter : current iteration number.

The steps of basic NSPSO algorithm is presented as
follow:
For each iteration k do:

1. R“=x"0 pbest“ (combine the current solution
and all personal best)
F =non_dom_sort(R) (Application the non-

N

dominated sorting oR )
pbest“** = p& i =1
4. until | pbest*”| +|F| < N (until the pbest set is
filled)

a. i=i+l
b. Calculate the crowding distance for
each particle itf;
c. pbest“" = pbest“"OF

5. Sort(Fi) (sort in descending order)

6. Select randomly gbest for each particle from a
specified top parte.g. top 5%) of the first front

Fi
7. | poest 0F (N )

(Choose thefirst N —| pbest| elements of F,)
8. x**(use (4) and (5) to calculate the new

positions of particle with using the nepbest
andgbest .

k=k+1

=| pbestk+1

_| pbest'”l

4. FACTS Design and Location

As we already mentioned this paper focuses on the
optimal location and design of two kinds of FACTS,
namely the SVC and the TCSC. The model of these
FACTS used in this paper is presented in detalibhel

A. Moded of SVC

The SVC is defined as a shunt connected static Var
generator or consumer whose output is adjusted to
exchange capacitive or inductive so as to maintain

control specific parameters of electrical powerteys
typically a bus voltage [22]. Like the TCSC, the GV
combines a series capacitor bank shunted by thyrist
controlled reactor. In this paper, the SVC is cdesd as

a synchronous compensator modeledPssbus, withQ
limits.

B. Model of TCSC

TCSC is a series compensation component which
consists of a series capacitor bank shunted bystbyr
controlled reactor. The basic idea behind powewfl
control with the TCSC is to decrease or increase th
overall lines effective series transmission impedarby
adding a capacitive or inductive reactive
correspondingly. The TCSC is modeled as variable
impedance, where the equivalent reactance ofXipes
defined as:

X = X line XTCSC (7)
where, X;ine IS the transmission line reactance, afds

is the TCSC reactance. The level of the applied
compensation of the TCSC usually varies between 20%
inductive and 80% capacitive [22].

C. Problemformulation

The optimal location and design of SVC and TCSC
is formulated as mixed continues-discrete multieahye
optimization problem. The objectives consideredhis
paper are presented in detail below.

1) Satic Voltage Stability Margin (SVSM)
Static Voltage stability Margin (SVSM) or loading
margin is the most widely accepted index for
proximity of voltage collapse. The SVSM is
calculated using Power System Analysis Toolbox
(PSAT) [23]. SVSM is defined as the largest load
change that the power system may sustain at arbus
collective of buses from a well defined operating
point (base case). The maximization of SVSM can
be presented as follows:
Max{ Svsm} (8)
2) Real power losses (PL)
This objective consists of minimizing the real powe
loss in the transmission lines and which can be
expressed as:

Min{znl: g, [Viz +V,2 = 2V)V, cos@, - g, )]} 9)

where, nl is the number of transmission lineg; is
the conductance of tikh line; vV, 0J, and

V09, are the voltages at the end busesdj of the
K" line, respectively.

3) Voltage deviation (VD)
This function is to minimize the deviations in \aie
magnitudes at load buses that can be expressed as:



(10)

NL
Min{gvk -V |}

where,NL is the number of load buseg;® is the
prespecified reference value of the voltage
magnitude at thith load busV, is usually set to
1.0 pu.

4) Equality and Inequality Constraints

The equality and inequality constraints should be
respected during the optimization procedure. The
equality constraints represent the typical loaw/flo
equations. The inequality constraints represent the
operating limits of the TCSC and SVC. Moreover,
two security limits are considered in this paper,
namely the thermal limits of the transmissiondine
and the bus voltage limits, which are applied an th
two last objectives onlyPL andVD), because, in
the general case, the voltage collapse occurs after
the security limits have been exceeded.In this pape
if the security limits are not respected the curren
solution is rejected.

5. Results and Discussions

The proposed approach is applied on IEEE 14-bus
test system [23]. The system consists of 14 bu2es,
lines, two generators, located at bus 1 and 2,ethre
synchronous compensators used only for reactiveepow
support at buses 3, 6 and 8, and three transformers
lines 5-6, 4-9 and 4-7. The generators are mocas&y/
buses withQ limits; the loads are typically represented as
constantPQ loads. In this paper, the increase in the load
is regarded as the parameter which leads the power
system to a voltage collapse.

{ P = A Pou
(11)

QL = /]QOL

where, B, and Q, are the active and reactive base
loads, whereasP, and Q, are the active and reactive

loads at a buk for the current operating point. The load
power factor is maintained constant during the load
increasing.

The decision variables considered are the location
and size of TCSC and SVC. The number of FACTS to
be installed is chosen one for each type; alsdithiés
are fixed at the beginning by the user. The reaetaf
TCSC is considered as a capacitive reactance aryin
continuously between 10% and 80% of the line
reactance. The placement of TCSC is considered as a
discreet variable, where all lines of the systef l{@es)
are selected to be the optimal location of TCSCe Th
same thing for the SVC, which is considered as a
synchronous compensator with a reactive power
changing continuously between 0.1 pu and 2 pu.e Th
optimal location of SVC is, also, considered assaréet

decision variable, where all load buses are seletttde
the optimal location of SVC.

In this paper, the optimal location and size of SVC
and TCSC is performed for two multi-objective
problems, considering several combinations of FACTS
devices.

A. Power losses and Voltage stability margin

At first, we only considered two objective functin
namely: PL and SVSM, the aim is to find the Pafetat
which consists of optimal size and location of TC&
SVC that maximize the SVSM and minimize PL. for all
optimization cases, the number of population igdiat
100, and the number of generation is fixed at 120.

Figure 2 depicts the non-dominated solution of
optimal location and size of SVC. NSPSO provides 7
non-dominated solutions summarized in Tablel.

We can conclude that buses 4, 10, 9, 5, 7 and &4 ar
considered as best locations of SVC with differgine.
From these results, the decision maker (DM) caroséo
the optimal location to install the SVC: If the SMSs
preferred toPL, the DM could choose the bus number 9
as the optimal location of SVC with 2 pu of siz&@2
MVar). Whereas if PL is a priority, a SVC of 0.1 pu of
size installed at the bus 4 would be the optimaliah
Generally, the DM can choose other solutions friwen t
non-dominated solutions according to the company
policy.

Figure 3 depicts the non-dominated solution for the
optimal location and size of TCSC considering the
maximization of SVSM and the minimization BE.

Figure 3 presents 522 non-dominated solutions of
optimal location and size of TCSC. All 269 soluson
indicate that the line 14 (bus 1-bus5) as the agdtim
location of TCSC with different size. The remaindet
of solutions (253 solutions) indicate that the woyati
placement of TCSC is the line 11 (bus 1-bus2).ha t
case where the SVSM is priority than tAe objective,
the DM will choose line 11 as the optimal locatioh
TCSC of 80% of compensation level. This later pdesgi
the SVSM of 1.8830 pu. In the case where fie
objective is priority than SVSM, the optimal locatiand
size of TCSC is respectively line 14 and 22.7 % of
compensation level, where tRé is 0.1346 pu.

Figure 4 depicts the non-dominated solutions of
optimal location and size of both SVC and TCSC (the
two FACTS are simultaneously optimized). Actuatlye
obtained solutions are the best combinations orbtst
coordination of SVC and TCSC. In this case, NSPSO
provides 186 non-dominated solutions, where the
installation of SVC of 2 pu size at the bus nunmeand
the TCSC at the line 11 (busl-bus2) with 80%
compensation level provides the best SVSM of 2.4662
pu. Wheras, the installation of SVC of 0.1 pu site¢he
bus number 5, and the TCSC at the line 12 (bus3jbus
with 30.12% of compensation level provides the Rest
of 0.1355 pu.

B. Satic Voltage Sability Margin, Power Losses, and
Voltage Deviation



This case is more complicated than the previous one 0.155 : : : ‘
where three objectives are considered nan®I$M, PL, * Non-dominated solutiof
andVD. The aim is to optimize the location and the size
of TCSC, and SVC witch maximize th&/SM and P T:| Y S S S S B
minimize thePL andVD. The optimization is performed
for single-type and multiple-type of FACTS.

Figure 4 presents 210 non-dominated solutions Her t
optimal location and size of SVC. Where, FL is
priority, the optimal location of SVC of 0.1 pu sis the
bus number 4. Otherwise, if tH&/SM is priority than 014 - - -
other objectives, SVC of 2 pu of size installedbat
number 9 is the optimal choice, in the case, whee&D
is priority, SVC of 0.1948 pu of size installedthé bus 0.135
number 13 is the optimal choice. Fig. 4 presen& - :
dominated solutions for the optimal locations aizés of Fig. 4. Optimal location and size of SVC and TCSOtm
TCSC, where the most repeated solutions are linés 11 objectives.

repeated 679 times and line 14 is repeated 175tiine
the case wherelL is priority than other objectives, the
optimal location of TCSC of 22.76% of compensation
level installed at line 14. Otherwise, if tH&/SM is
priority, TCSC of 80% of compensation level ingdllat 0.3
line 11is the optimal choice, in the case, wheesMD is

PL (pu)
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priority, the optimal solution the same for the easf
SVSM. Fig. 5 presents 427 non-dominated solutions, 3 °?
where the installation of SVC of 2 pu of size as8uand § 0.15

TCSC of 80% of level of compensation at line 1legiv
the best SVSM. Whereas, the installation of SVQ@ 4f
pu of size at bus 5, and the TCSC of 25.55% ofllefre e
compensation at line 12 gives best valuePbf Finally

the installation of SVC of size of 19.45 pu at H3s and

TCSC of 25.4% of level of compensation at line &egi

0.1

0.135 1.6 )
the best value ofD. PL (pu) SVSM (pu)
0141t Fig. 5. Optimal location and size of SVC for thoégectives.
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Fig. 2. Optimal location and size of SVC for twgediives.
0.15: : ; : . : : PL (pu) ’ : SVSM (pu)

. Non»dominatedsolutio+1‘ !

|
0-15*’* — T Fig. 6. Optimal location and size of TCSC for thobgectives.

TABLE I-Non-dominated solutions for optimal locatiof

= SVC
;‘ Bus Size (pu) SVSM (pu) PL (pu)
4 2.0000 2.1378 0.1384

10 1.9236 2.1528 0.1393

9 2.0000 2.2183 0.1396

5 0.1000 1.6827 0.1371

‘ ‘ ‘ 4 0.1000 1.6806 0.1370

0.134 : ‘ ‘ 1 1 1 7 0.1000 1.7462 0.1377
1.76 1.78 1.8 1.82 1.84 1.86 1.88 1.9 14 1.5997 2-0415 0-1379

SVSM (pu)
Fig. 3. Optimal location and size of TCSC for twqealbives.




VD (pu)

PL (pu) ) 16 SVSM (pu)

Fig. 7. Optimal location and size of SVC and TCSCifwee
objectives.

6. Conclusion

In this work, the optimal location and size of SVC
and TCSC devices is found to maximize the SVSM,
reduce thePL and minimize VD. The problem is
formulated as a mixed discreet-continuous multi-
objective optimization problem. Simulations perfen
on IEEE 14-bus test system indicate that the preghos
method is able to provide the optimal locations sizés
of multi-type of FACTS to be used by the DM in
different planning studies to voltage stability
improvement. Moreover, we can mention also, that th
proposed method does not impose any limitationhen t
number of objectives to be optimized.
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