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ABSTRACT In recent years, research studies have sought methods and devices which enhance the
performance of power systems, since the more these systems are expanded, the greater the economic and
environmental constraints. With the development of the power electronics applied to power systems, flexible
alternating current transmission systems (FACTSs) have sprung up. A problem related to the use of a FACTS
device is where best to install and adjust its parameters in order to improve the performance of the system.
This paper sets out a method for automatically allocating FACTS devices in power systems for which an
adaptive evolutionary algorithm (EA) is used. The proposed method seeks to determine not only where best
to install FACTS devices and to supply them with reactive power but also to adjust other decision variables
of a power system in order to enhance the voltage stability while taking some indicators into account. The
method was tested in experimental studies by using standard IEEE systems, and comparing the results from
these with those of the probabilistic and heuristic optimization methods, including the standard EA. The
results showed that the proposed method enhanced the voltage stability of the systems and outperformed the
other methods.

INDEX TERMS Voltage control, reactive power control, evolutionary computation.

I. INTRODUCTION
In recent years, population based optimization algorithms
have been used in several engineering areas due to their global
search features and interactions between solutions [1], [2].
Evolutionary algorithm (EA) is a powerful population based
mechanism for search and optimization [3], [4]. The use of
EAs to solve complex problems has become a research topic
of great interest [5], [6].

The multimodality of the fitness landscape is certainly a
factor that generates complexity since it creates trends of
premature convergence [7]–[9]. In evolutionary process, pre-
mature convergence means lack of diversity. The population
diversity expresses how different the individuals are from
each other. Diversity maintenance or control of the popula-
tion of evolutionary algorithms may benefit the evolutionary
process in several ways, such as preventing premature con-
vergence to local optimums and considering different niches
for solutions of multimodal problems [10].

Optimization in power systems is an important example of
multimodality and complexity since these systems normally
operate near to their constraints due to the continuous demand

increase. The voltage instability is the main cause of con-
straint violations and voltage collapse. Voltage instability and
voltage collapse were responsible for several major blackouts
throughout the world, since 1970, in New York, until 2003,
in North America and Europe [11]. The voltage stability is
related to the control of the reactive power.

In recent studies of modern power systems, the Flexible
Alternating Current Transmission System (FACTS) becomes
the control of the reactive power flow more dynamic, since
it provides flexibility on the transmission system [12]–[14].
However, the optimum location of FACTS devices is a very
important issue in power systems, since the weakest busbar
and/or transmission line need(s) to be identified.

The optimum reactive power flow is an important problem
in power systems, since the complexity and dimension of
the power flow equations. Thus, the use of the evolutionary
algorithm is an attractive alternative due to its probabilistic
and global search features. Classical optimization methods
generally are based on local search and require well-defined
analytic functions. Evolutionary algorithm only compares the
quality of solutions solved by a power flow algorithm.
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This paper presents an adaptive evolutionary algorithm
applied to the reactive power flow problem by controlling
the population diversity. The proposed method optimizes the
following stability indicators of power systems: the voltage
profile, the total reactive power loss, and the voltage collapse
margin. The use of an adaptive evolutionary algorithm in
large and complex systems, such as a power system can lead
to a number of favorable contributions, as follows:
• the proposed method avoids premature convergence and
maintains the global search, thereby overcoming draw-
backs of population-based methods;

• this is the first time that the adaptive evolutionary algo-
rithm [10] is applied in a realistic application, in the
context of power systems;

• this approach allocates FACTS devices automatically,
thus supplying the power system with reactive power.
This is difficult regarding the use of FACTS devices,
since they are expensive pieces of equipment and need to
be efficiently installed to obtain their best performance;
and

• in addition, the proposed method adjusts the decision
variables of the system in order to enhance voltage
stability.

Several experiments were conducted in IEEE 14, 57,
and 118 busbar systems by using the proposed method
and other probabilistic and heuristic optimization methods.
The results showed that the adaptive evolutionary algorithm
enhanced the voltage stability and outperformed the other
methods.

The rest of this paper is organized as follows: Section II
presents a literature review which includes very recent stud-
ies on voltage stability. Section III describes the reactive
power flow problem and its implications on voltage stability.
Section IV describes the general concepts on FACTS devices
and details of two of them used in this work. Section V
addresses the adaptive methodology for evolutionary algo-
rithms. Section VI presents the results obtained in simulation
with the standard IEEE busbar systems. Section VII con-
cludes the paper.

II. RELATED WORKS ON VOLTAGE STABILITY
This section presents a literature review on voltage stability,
which concerns several recent works on the identification
of the stability level [11], [15]–[19] and stability enhance-
ment [5], [12]–[14], [20]–[23].

Parizad et al. [15] and Esmaeili and Esmaeili [16] evalu-
ated the voltage stability according to the L-index indicator
and the parameters and locations of FACTS devices with a
hybrid genetic algorithms and harmony search. Mohamed
and Venkatesh [17] presented the bus-wise and line-wise
Newton–Raphsonmethod, which uses square of voltagemag-
nitude and linear terms for active and reactive power. The
voltage collapse index can be derived to identify lines that
interconnect buses subject to collapse. A global sensitivity
analysis (GSA) method for power systems with renewable
energy integration was presented by Xu et al. [18]. GSA

identifies the correlation variables between renewable energy
and load range for system voltage stability. A strategy for
online proximity analysis of an electrical system to voltage
collapse was proposed by Liu et al. [19], where the non-
iterative holomorphic inclusion method determines the load-
ing limit for each load bar based on the estimated online
throughout the load area. A new voltage stability index, called
P-index, was developed by Kamel et al. [11]. The method in
which is extended to indicate the distance to collapse and the
effectiveness was compared to the L-index in IEEE 14, 57,
and 118 busbar systems.

In the works of Nireekshana et al. [22] and
Gupta and Sharma [5], a genetic algorithm was used to
determine the parameters and location of Static Var Com-
pensator (SVC), Thyristor Controlled Series Compensator
(TCSC), and Unified Power Flow Controller (UPFC) to
improve the voltage stability and to reduce active power
losses. Esmaili et al. [23] performed a modified augmented
e-constraint method to determine the best location and adjust-
ment of a FACTS device to enhance the voltage stability.
In order to enhance the voltage stability of power systems,
Wibowo et al. [21] proposed an approach for planning by
allocating multiple FACTS devices and evaluating their
impact on operation problem to minimize the annual total
cost. The method implies to minimize devices investment
cost, and to maximize benefit due to the devices installation.
Mohseni-Bonab and Rabiee [20] presented a comprehensive
review of recent researches carried out in the area of optimal
reactive power dispatch (ORPD). The authors also studied a
stochastic multiobjective ORPD (SMO-ORPD) model under
load and wind power generation uncertainties. A two-stage
stochastic model was employed for dealing with the uncer-
tainties. The considered objective functions were the real
power losses and the operation and maintenance cost of
wind farms. Eladany et al. [14] developed a new algorithm
for optimal allocation of TCSC as well as the amount of these
devices to increase the transient stability of electrical systems,
the algorithm is structured by combining particle swarm
optimization, clustering techniques and catastrophe theory.
Kapetanaki et al. [12] developed a probabilistic methodology
to maximize the wind capacity of installed units. The study
showed that the use of various reliability indicators, such
as SVC and TCSC devices, allows to integrate more wind
sources into the system. Ugranli and Karatepe [13] showed
a study of planning and expansion of power systems and
integration of wind units in which is possible to reduce the
generation costs and the investments in transmission lines by
introducing TCSC devices.

III. REACTIVE POWER FLOW PROBLEM
When voltage level in power systems deviates from the ref-
erence value laid down, the performance of the industrial
equipments degrades and their life expectancies tend to drop.
For instance, the torque of an induction motor is proportional
to the square of the terminal voltage. Thus, it is important to
control the voltage level in power system. This control in the
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power system is performed in an interval which specifies the
tolerance of voltage variations.

In a power system, the voltage control in load buses is
achieved by acting in the following [25], [26]:
• excitation control of generators, which maintains good
voltage control at the generator buses;

• switched shunt capacitors and/or reactors, which provide
the capability of controlled reactive power injection into
a bus; and

• tap-changing of transformers.
These control actions is motivated by the fact that the bus

voltages are strongly related to the reactive power injection
at the buses. An particular way to maintain the voltage levels
of the load buses into an specific tolerance interval is to
minimize the voltage deviation

F(X) =
∑

Vi∈SPQ

(Vi − 1)2, (1)

whereX is the vector of decision variables, the voltage bus Vi
belongs to the set of load buses, SPQ, and the constant 1means
1 pu (nominal voltage).

The voltage stability is also associated with reactive power
flow. The loadability of a bus depends on the reactive power
support that the bus can receive from the system as the
system approaches to the voltage collapse point [27]. In volt-
age stability, the changes in the power system due to load
increase or contingencies can lead to a shortage of reactive
power and decline voltages at the load buses. This effect can
be seen in power transferred versus the voltage at receiving
end bus. The critical point is reached when any increase in
active power transferred leads to rapid decline in bus volt-
age [26]–[28]. In this point, a heavy reactive power loses
occur.

A way to analyze the voltage stability is to calculate the
voltage collapsemargin. For instance, L-indexmethod is used
for evaluating the voltage stability in power systems through
the voltage collapse margin [29], [30]. This index, in [0, 1],
that identifies the proximity to the voltage collapse can be
defined as

Lj =

∣∣∣∣∣∣1−
∑
Vi∈SG

Cji
Vi
Vj

∣∣∣∣∣∣ , (2)

where SG is the set of generation buses, Vi is the i-th gen-
eration bus voltage in complex form, Vj is the j-th load bus
voltage in complex form, and Cji is an element of the matrix

[C] = − [YLL]−1 [YLG] , (3)

where [YLL] and [YLG] are submatrices of the admittance
matrix Ybus.
This index Lj ranges from 0, where the system is sta-

ble, to 1, where the system approaches to voltage collapse.
Another important reason for voltage control is that the real
line losses also depend to the reactive power flow. It is pos-
sible to minimize these losses by selecting an optimum (real
and reactive) power flow. The reactive power flow through the

line depends greatly upon the receiving end voltage, which
may control the line losses.

IV. FACTS DEVICES
The concept of Flexible AC Transmission system (FACTS)
refers to control and adapt the parameters of power sys-
tems, reactive power flow, bus voltages, and transmission
line impedance [24]. The following subsections present two
FACTS devices used by the method presented in this paper.

A. STATIC VAR COMPENSATOR
Static Var Compensator (SVC) is shunt connected to a bus
and provides an adjustable reactance [31], [32]. The reactive
power supplied by SVC in the i-th bus can be modeled as

QSVC = −BSVC V 2
i , (4)

where Vi is the voltage magnitude at i-th bus and BSVC is the
SVC susceptance. Thus, the modified admittance matrix, for
addition of a SVC, is expressed as

Ymod = Y+



0 0 . . . 0 0
0 YSVC . . . 0 0 iline
0 0 . . . 0 0
. . . . . . . . . . . . . . .

0 0 . . . 0 0
0 0 . . . 0 0 jline
0 0 . . . 0 0

irow jrow


(5)

B. THYRISTOR CONTROLLED SERIES COMPENSATOR
Thyristor Controlled Series Compensator (TCSC) is series
connected to a transmission line in order to control its
impedance [33]. TCSC uses thyristor-controlled reactor in
parallel to a capacitor bank. The series reactance is auto-
matically adjusted to satisfy an amount of active power flow
throughout the transmission line. The modified admittance
matrix, for addition of a TCSC, is expressed as

Ymod = Y+



0 0 . . . 0 0
0 1ij . . . −1ij 0 iline
0 0 . . . 0 0
. . . . . . . . . . . . . . .

0 0 . . . 0 0
0 −1ij . . . 1ij 0 jline
0 0 . . . 0 0

irow jrow


(6)

where

1yij = ymodij − yij =
(
gmodij + jb

mod
ij

)
−
(
gij + jbij

)
(7)

gij =
rij√

r2ij + x
2
ij

(8)

bij = −
xij√

r2ij + x
2
ij

(9)
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gmodij =
rij√

r2ij +
(
xij + xTCSC

)2 (10)

and

bmodij = −
xij + xTCSC√

r2ij +
(
xij + xTCSC

)2 . (11)

V. ADAPTIVE EVOLUTIONARY ALGORITHM
This section presents the proposed method for the adaptive
evolutionary algorithm applied to reactive power flow prob-
lem. In this approach, the evolutionary algorithm is handle as
a control process, which its output is controlled in order to
maintain a desired level of population diversity. The method
consists of an evolutionary process and a diversity evaluator,
which provides the diversity of the current population. The
controller supplies the control signal for the process as a
function of the mutation rate, which is based on the error
between the process output (population diversity) and the
desired level of diversity. The following subsections present
the structure of the proposed method.

A. DIVERSITY MEASURE
In Nature, diversity loss, caused by the extinction of a species,
might cause serious ecological disturbance that has irre-
versible consequences for an ecosystem. High diversitymight
provide abilities that individuals, populations, and species
need so as to respond to adversities, such as diseases, par-
asites, and predators, and to adapt themselves to changes in
the environment [34].

Several models were proposed to calculate the popula-
tion or species diversity. For example, a diversity mea-
surement based on a finite set of species [35], a function
to calculate the loss of diversity when a species becomes
extinct [36], a function that uses the Euclidean distance
between species [37], and a function from the theory of com-
munication [38]. Our model was based on the heterozygosity,
He, proposed by Simpson [39]. Replacing He with 0, our
diversity function becomes

0 = 1−
na∑
i=1

p2i , (12)

where na is the number of alleles and pi is the occurrence
rate of the i-th allele in the population. In an EA approach,
the number of alleles depends on the representation of the
problem: for binary-coded EA, na = 2, for integer-coded
EA, na is measurable, and for real-coded EA, we calculate
the number of alleles by dividing the gene length into a given
number of subintervals (na).

Equation (12) is used to measure the population diversity
because of its simplicity and low computational effort. This
measure also satisfactorily reflects the population diversity,
from its maximum level, 1− 1/na, when the number of each
type of allele is the same, to zero, when there is only one type
of allele. This diversity measurement method uses only one
gene of the genotype, named the reference gene, to describe

the gene frequency or population diversity. Gouvêa, Jr., and
Araújo [40] showed that it is possible to represent the popu-
lation diversity with any gene of the genotype.

B. DIVERSITY MAINTENANCE AND CONTROL
In evolutionary algorithm, the control of the population diver-
sity, or minimizing its loss, may benefit the evolutionary
process in several ways, such as preventing the premature
convergence to a local optimum; spreading the population
around distinct Pareto optimal solutions in a multiobjective
problem; permitting fast adaptation without reinitialization in
dynamic environments; and considering different niches for
solutions of multimodal problems [41]–[43].

The diversity control in the adaptive evolutionary algo-
rithm is carried out by Diversity Reference Adaptive Control
(DRAC) [10]. Thus, the current population diversity has to
track a reference diversity. Figure 1 shows one generation
of the adaptive evolutionary algorithm (AEA). There are two
loops, the evolutionary algorithm (EA) loop and the control
mechanism loop. The EA loop, at generation k , begins when
a traditional selection mechanism, e.g. tournament, chooses
the parent candidates, Q(k), from the current population,
P(k). Next, recombination and mutation generate the off-
spring, F′(k). In the AEA approach, the new population,
P(k + 1), arises from P(k)+F′(k) as a result of the selection
mechanism.

The other control loop aims to calculate the control signal,
i.e. the mutation rate, pm. The control loop starts by calculat-
ing the diversity of the population,0(k), Equation (12). Then,
the error, e(k), i.e. the deviation between the desired diver-
sity, 0r , and the population diversity, 0(k), is determined.
Finally, the control signal is computed by the controller,
Equation (13). These two cycles are repeated while a stop
criterion is not satisfied.

The population diversity, Equation (12), is a function of
the allele occurrence rate for a given gene. In binary-coded
EA, the number of alleles per gene, na, is two. In integer-
coded EA, the number of alleles varies with the problem; in
this study, the number of alleles is calculated by separating
the gene length into defined intervals, i.e. the number of
alleles, na. Thus, the allele that belongs to a given j interval
is regarded as allele gij, i.e., j-th allele of the i-th gene.
The diversity control is performed by changing the muta-

tion rate, pm, when there is a deviation between the popula-
tion, 0, and reference, 0r , diversities. The mutation rate is
updated in order to vanish this deviation as follows

pm(k + 1) = pm(k)+ η (0r − 0(k)) (13)

where η is a constants.

C. OBJECTIVE FUNCTIONS
In the context of power systems, this research takes into
account three indicators as objective function, presented in
Section III, in order to enhance the voltage stability of power
systems: (i) the collapse margin by L-index, Equation (2); (ii)
the voltage deviation, Equation (1); and (iii) the total reactive
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FIGURE 1. Block diagram of the adaptive evolutionary algorithm.

power loss. The proposed method minimizes one objective
function at a time. In this research study, the multiobjective
problem was not considered.

In order to use the first objective function, the proposed
method minimizes L, where L is the highest L-index among
the load buses, Equation (2), calculated before the opti-
mization process. This approach ensures a global strategy
to improve the voltage stability. When the second objective
function (ii) is used, the method minimizes the voltage devi-
ation, Equation (1). Finally, the third objective function (iii),
i.e. the total reactive power loss calculated by the power flow
equations [25], is also minimized.

D. AEA IN THE CONTEXT OF POWER SYSTEMS
In the context of power systems, the proposed method finds
the optimum location of FACTS devices and also adjusts
the decision variables according to each of the performance
indicators, presented in Subsection V-C. These indicators,
treated as objective functions, are closely linked to the voltage
stability of power systems. Each decision variable represents
a gene of the individual.

The reactive power injections, by the generators, are not
decision variables. In a busbar in which there is a generator,
the decision variable is the voltage magnitude. The reactive
power injection, by the generator, is calculated by the power
flow equations (PFEs). The power injections in busbars with
no generator are made by either capacitor banks or FACTS
devices, as decision variables. In these busbars, the voltage
magnitudes are calculated by the PFEs.

The individual of the population, which coded the vector
of decision variables,X, is formed by the voltage magnitudes
of the generator buses, the shunt capacitor banks, the trans-
former tap settings, and the location and reactive power sup-
ply of the TCSC and/or SVC FACTS devices. Figure 2 shows

FIGURE 2. Decision variable coded as an individual.

the m-th individual of the population. The first genes are the
voltage magnitudes of the voltage controlled buses, V (m)

i . The
next genes are the reactive power injections of the capacitor
banks, Q(m)

j , and the genes to code the transformer tap set-

tings, T (m)
k . The last genes, (B,F)(m)l , are the bus number, B,

where the FACTS device is installed, and the reactive power
injection, F , from this device.

E. VARIATION OPERATORS
Variation operators are functions which modify the descen-
dents generated from the current population. Descendents are
individuals created with genetic material (decision variables)
from two individuals of the current population, namely par-
ents. This work uses two typical variation operators of the
evolutionary algorithm: crossover and mutation.

In the crossover process, there is a random cut point into the
two parents, P1 and P2, which defines how the descendents
are mixed, as shown in Figure 3. The descendents,D1 andD2,
are generated from the mixed parts from the two parents
according to the cut point. This process provides an local
search on the space of solutions.

The mutation, executed after the crossover process, is a
random change in the genes of the descendent according to a
probability pm ∈ [0, 1]. In the proposed model, the mutation
is performed in the elements of the vector of decision vari-
ables, X, according to their respective constraints. Figure 4
shows the mutation process in which the reactive power
injection Q(1)

j is changed to Q
′(1)
j if r ≤ pm, for Q

′(1)
j ,

where r ∈ [0, 1] is an uniform distributed random variable.
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FIGURE 3. One-point crossover.

FIGURE 4. Mutation of the descendent after crossover.

TABLE 1. Decision variable parameters.

The location, B, and the reactive power injection, F ,
of the FACTS devices are mutated separately, as presented
in Figure 4.

VI. EXPERIMENTAL STUDIES
The proposed method is implemented into the Matlab R©

environment, by using the MATPOWER power flow pack-
age [44]. The proposed method is evaluated by using the
standard IEEE 14, 57, and 118 busbar systems, and the
results are compared with the standard Evolutionary Algo-
rithm (EA) [3], the Particle Swarm Optimization (PSO) [1],
and the Simulated Annealing (SA) [45]. All methods are
performed after the execution of the MATPOWER optimal
active power flow (OAPF) algorithm, which uses the min-
imal generation cost as objective function. The evaluation
of the voltage stability is made by the collapse margin with
L-index, voltage deviation, and total reactive power loss,
presented in Subsection V-C. For each experiment, 10 runs
were performed per algorithm, and the performance analysis
was based on the average results of these runs. Table 1
presents the ranges of the decision variables used by all
methods.

Table 2 presents the parameters of the SVC and TCSC
FACTS devices which adopt the following criteria:

TABLE 2. FACTS device parameters.

TABLE 3. Decision variables per system.

TABLE 4. Adaptive evolutionary algorithm parameter.

a)
1) SVC device is not installed either in generation

bus or one which has reactive power injection (e.g.,
synchronous compensator and capacitor)

2) TCSC device is not installed in bus with Tap-Changing
Transformers.

Table 3 presents the general parameters of the IEEE sys-
tems. The integer variables mean the location of the FACTS
devices, and the real ones represent the voltage magnitudes
and the reactive power injections of both capacitor banks and
FACTS devices.

Table 4 shows the fixed parameters of EA and AEA, which
were obtained empirically.

In this work, the population diversity is controlled by
the mutation rate, pm, which is adjusted according to Equa-
tion (13). The adjustments are performed as a function of the
deviation between population diversity, 0, and the reference
one, 0r , as presented in Subsection V-B. Unlike the study by
Gouvêa, Jr., and Araújo [10], which used a model reference
adaptive control, the desired diversity in this study begins
with 0max = 0.7 and declines linearly to 0min = 0.3 along
the generations as a strategy in which the search process
starts exploratory and then becomes local, thus maintaining
a minimal and controlled level of diversity. The following
subsections present the results of the experiments with the
IEEE busbar systems.

A. EXPERIMENTS WITH THE IEEE 14 BUSBAR SYSTEM
This section presents the experiments with the IEEE 14 bus-
bar system. Table 5 presents the general results with the
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TABLE 5. IEEE 14: L-index as objective function.

TABLE 6. IEEE 14: voltage deviation as objective function.

SVC and TCSCFACTS devices (locations and reactive power
supplies) for L-index as objective function, Equation (2).
Table 5 also shows the results of the other stability indica-
tors. For L-index as objective function, the population based
algorithms, AEA, AE, and PSO, reached the best results,
thus outperforming SA. For the voltage deviation indicator,
OAPF obtained the best result (minimal deviation) at the
cost of a high total MVAR loss, i.e., the initial condition
provided the best state for this indicator. OAPF increased the
reactive power flow, thus becoming greater the total reactive
power loss. Other methods provided close voltage deviation
with respect to each other. The highest total reactive power
loss was obtained by PSO, despite this method reached its
results close to those of the other methods. The two evolu-
tionary algorithms, AEA and EA, achieved similar results for
the objective function (L-index) and also for the other two
indicators. In general, the best results were obtained by the
evolutionary algorithms.

All methods found out different points to install SVC and
TCSC devices. Almost all methods, AEA, EA and PSO,
installed TCSC device in the same transmission line. How-
ever, SVC device was installed in three different buses. For
AEA and EA methods, SVC device injected reactive power
to the bus; on the other hand, for PSO and SA, SVC absorbed
reactive power from the bus.

Figures 5a and 5b show the results for the L-index as
objective function throughout the iterations – the mean of the
best solutions of each run, Figure 5a, and the best solution of
all ones, Figure 5b. As can be observed in Figure 5a, the mean
result of AEA and EA declined faster than those of the other
methods. In the end of the process, AEA and EA provided
the best results. In Figure 5b, AEA and EA provided similar
performance with respect to their mean results, Figure 5a,
thus showing robustness. In the end of the process, AEA, EA,
and PSO achieved similar results.

Table 6 shows the results of the experiments with the
voltage deviation as objective function and the two other
performance indicators – L-index and the total reactive power

FIGURE 5. IEEE 14: L-index as objective function. (a) Mean. (b) Best
solution.

loss. AEA, AE, and PSO installed the SVC device in the
same bus; however, TCSC device was installed in different
transmission lines, with emphasis for PSO that adjusted a
level of transmission line compensation 50% less than those
of AEA and AE methods. In the other indicators, especially
the L-index, AEA showed a worsening of 1% versus 8% of
the other methods. In the total reactive power loss, SA stood
out with a reduction of 81.2%.

Figures 6a and 6b show the results for the voltage deviation
as objective function throughout the iterations. The evolution-
ary algorithms decreased quickly their fitness in average and
maintained the best results at the end, as shown in Figure 6a.

VOLUME 7, 2019 69155



S. Nascimento et al.: Adaptive EA Applied to the Voltage Stability Problem

TABLE 7. IEEE 14: total reactive power loss as objective function.

FIGURE 6. IEEE 14: voltage deviation as objective function. (a) Mean.
(b) Best solution.

On the best results per algorithms, Figure 6b, the evolutionary
algorithms repeated their performances with respect to the
mean results. At the end, the population based algorithms,
EA, AEA, and PSO, reached the best results.

In the experiments with the total reactive power loss as
objective function, AEA and AE presented similar perfor-
mance – the latter being faster than the former to obtain the
best solution, as shown in Figure 7a. At the end, all methods
presented similar results, where SA showed the worst perfor-
mance, as shown in Figure 7b. The results presented in Table 7
showed a large decrease in the total reactive power loss –
more than 99% for AEA, AE, and PSO; and 97% for SA.
All methods, with exception of PSO, improved the voltage
profile. AEA showed less variation in L-index. The methods
proposed different locations to install the FACTS devices,
where PSO presented the smallest adjustments.

Figures 7a and 7b show the results for the total reactive
power loss as objective function throughout the iterations. All
methods minimized their objective functions in few iterations
and reached similar results at the end for both mean and best
results. However, the evolutionary algorithms achieved the
best results.

FIGURE 7. IEEE 14: total reactive power loss as objective function.
(a) Mean. (b) Best solution.

B. EXPERIMENTS WITH THE IEEE 57 BUSBAR SYSTEM
This section presents the experiments with the IEEE 57 bus-
bar system. In the experiments with the L-index as objec-
tive function, AEA provided the best mean result, as shown
in Figure 8a. However, the best result among the methods
was obtained by PSO, as presented in Figure 8b. Table 8
shows that the methods suggested different buses to install
the FACTS devices. PSO declined more than 40% in L-index
and AEA declined about 35% in the same indicator. In the
result of SA, SVC device absorbed reactive power from the
bus. In the result of EPO, one SVC device injected reactive
power to the bus and the other one absorbed reactive power
from the bus.

Figures 9a and 9b show that AEA reached the best perfor-
mance for the voltage deviation as objective function. As can
be seen in these figures, SA failed to minimize the objective
function. Table 9 shows that AEA reduced the voltage devi-
ation of 65% with respect to its initial value. AEA provided
the smallest voltage deviation by injecting less reactive power
than the other methods. On the other indicators, L-index
varied less than 2% between all methods, and EA reduced
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TABLE 8. IEEE 57: L-index as objective function.

TABLE 9. IEEE 57: voltage deviation as objective function.

FIGURE 8. IEEE 57: L-index as objective function. (a) Mean. (b) Best
solution.

51% of the total reactive power loss versus 34% and 13%
reduction by AEA and EPO, respectively.

In experiments for the total reactive power loss as objec-
tive function, AE presented the best average performance
followed by AEA. PSO and SA achieved similar results,
as shown Figure 10a. The best result was obtained by AEA,
as shown Figure 10b. The results presented in Table 10 show
a reduction larger than 94% of the total reactive power loss,
thus highlighting AEA, which minimized 99% of this indica-
tor. The methods suggested different locations to install the
FACTS devices. However, the lowest adjustment is obtained
by AEA. Despite the good results presented by all methods,

FIGURE 9. IEEE 57: voltage deviation as objective function. (a) Mean.
(b) Best solution.

only the results presented by AEA and AE are feasible, since
the results obtained by PSO and SA led the power system to
the voltage collapse, i.e., L-index was equal to 1.

C. EXPERIMENTS WITH THE IEEE 118 BUSBAR SYSTEM
This section presents the experiments with the IEEE 118 bus-
bar system. In these experiments, all methods improved the
L-index as objective function, as shown in Table 11. The best
result was reached by AEA; however, this method provided
the worse voltage deviation and large total reactive power loss
– the latter indicator by comparing with EA. This situation
probably occurred due to the largest reactive power injection
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TABLE 10. IEEE 57: total reactive power loss as objective function.

TABLE 11. IEEE 118: L-index as objective function.

FIGURE 10. IEEE 57: total reactive power loss as objective function.
(a) Mean. (b) Best solution.

to the system (SVC1 + SVC2) by AEA. Thus, both the
voltage at control buses and the total reactive power loss
tended to increase. This argument can be verified by the
results of OAPF, which reached the minimum of both voltage
deviation and total reactive power loss at cost of the worst
L-index. All methods installed the FACTS devices at different
buses and transmission lines.

Figures 11a and 11b show the optimization process
throughout the iterations for the L-index as objective
function. Only AEA minimized the L-index at average,
in Figure 11a. The best solution of all method minimized the
L-index; however, AEA provided the best result, Figure 11b.

FIGURE 11. IEEE 118: L-index as objective function. (a) Mean. (b) Best
solution.

AEA reduced 40% of the L-index versus about 34% of the
other methods.

For the voltage deviation as objective function, AEA and
AE outperformed PSO and SA, and AEA presented the
best results, as shown in Figures 12a and 12b. Table 12
also shows that the methods installed the FACTS devices at
different buses. AEA improved the voltage deviation more
than 85%, followed by EA, which improved 82%. AEA and
EA increased the total reactive power loss at the cost of the
voltage deviation reduction.

The experiments with the total reactive power loss as objec-
tive function were very promising for the method proposed in
this paper. Only AEA was able to minimize this indicator,
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TABLE 12. IEEE 118: voltage deviation as objective function.

TABLE 13. IEEE 118: total reactive power loss as objective function.

FIGURE 12. IEEE 118: voltage deviation as objective function. (a) Mean.
(b) Best solution.

as shown in Figures 13a and 13b. Although the stability
indicator are conflicting, when the total reactive power loss
was minimized by AEA, the other indicators, L-index and
voltage deviation, were also improved, as shown in Table 13.

D. GENERAL ANALYSIS OF THE RESULTS
AEA presentedmarginal improvements compared to EA only
in the small IEEE 14 busbar system. In IEEE 57, especially
in average results, AEA outperformed, significantly, the other
methods in two of three objective functions. In the large IEEE
118 busbar system, AEA achieved much better results than
those of the other methods, especially in the L-index and total
reactive power loss.

For large systems, AEA may present better results
since this method does not permit premature convergence.

FIGURE 13. IEEE 118: total reactive power loss as objective function.
(a) Mean. (b) Best solution.

Premature convergence cuts off the feature of the global
search of the evolutionary algorithms and that it may lead the
evolutionary algorithm to a local optimum.

VII. CONCLUSION
This paper presented a novel method for analysis and
enhancement of the voltage stability in power systems. The
proposed method uses an adaptive evolutionary algorithm
(AEA) in which the population diversity is controlled. The
proposed method adjusts the decision variables and automat-
ically allocates two types of FACTS devices: SVC and TCSC.
Three voltage stability indicators were used as objective
function: L-index, voltage profile, and total reactive power
loss. AEA was validated in several experiments by using
the standard IEEE 14, 57, and 118 busbar systems in order
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to compare its performance with probabilistic and heuristic
optimization methods.

All methods enhanced the performance of the power sys-
tems on the point of view of the proposed objective functions.
AEAoutperformed the othermethods inmost of experiments,
especially in the IEEE 118 busbar system. The results of
the experiments in IEEE 14, 57, and 118 systems showed
that the difference of performance among the tested methods
increased as the complexity of the systems become greater.
In most of them, the proposed AEA reached the best solution.

In several experiments, the methods presented different
places to install the FACTS devices. Thus, the results of
the proposed method outperformed those of the other ones.
As the transmission systems increase, the adjustments of the
decision variables provided more influence on the objec-
tive functions than the FACTS devices. This is especially
observed in the experiments with the IEEE 118. Thus,
the relevance to use optimization methods in power systems
increases as a complementation of the FACTS devices.
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