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Abstract

This paper proposes the application of control by statelfaekl using the linear quadratic regulator
(LQR) optimized by metaheuristics to damp low-frequencytenechanical oscillations in electrical
power systems. The current sensitivity model was used teesept the single machine infinite bus
(SMIB) system in the time domain. The weighting matrices eftiQR were adjusted using four dif-
ferent algorithms: (i) the genetic algorithm, (ii) the @iféntial evolution algorithm, (iii) the particle
swarm optimization algorithm, and (iv) the gray wolf optzation (GWO) algorithm. In the cases
considered, disturbances were applied to the electrica¢épsystem and, then, performances compar-
isons associated with each metaheuristic were statisteaalyzed, in which the number of iterations,
error, and time to achieve convergence of each algorithne wempared. From the results, it was
possible to conclude that the algorithms were efficient jngtthg the weighting matrices of the LQR,
providing additional damping to the poles of interest of sigetem. It was also possible to conclude
that the GWO algorithm presented the best performancegditicry it as a powerful tool in the study
of small-signal stability for the analyzed case.

Keywords: Current sensitivity model, electric power systems, linagdyatic regulator,
metaheuristics, small-signal stability.

1. Introduction

Economic growth demands the expansion and interconnecfi@fectric power systems, which
present complex structures involving the processes ofrgdan, transmission, and distribution. Thus,
stability studies of these systems aim to ensure secueahghility, and financial viability for their
operation [1].

*Principal corresponding author
Email addressed: ui scar val ho9000@mei | . com(Luis Carvalho)j ozi as. net o@e. uf cg. edu. br
(Jozias R. L. Neto); ef f er sonr esended7@nui | . com(Jefferson C. Rezende),
mar cus. cost a@if er sa. edu. br (Marcus V. S. Costakgl eni | son. fortes@f g. edu. br,
el eni | son. fort es@nesp. br (Elenilson V. Fortes), eohf np@ eee. or g (Leonardo H. Macedo)

Preprint submitted to ISA Transactions August 18, 2022



These interconnections and more complex structures, wdxbar electric power systems, can cause
electromechanical imbalances in the torque of synchrogeugrators and provide a favorable envi-
ronment for the emergence of low-frequency electromedahrmascillations [2]. In general, these
oscillations are classified as localg to 2.0 Hz) and inter-area)(2 to 0.7 Hz) [1] and, if not properly
damped, can cause the system operation to collapse. Hfesthanical phenomena of this magni-
tude can cause changes in the oscillatory power of the trigagm lines and, in more extreme events,
can even cause the loss of synchronism between generatidoathand, therefore, cause blackouts.
The mitigation of this type of problem is still a recurringadlenge in the academic and industrial
environment as it can be seen in [3] and [4].

Therefore, a safe and stable operation of these systemsdte@among other factors, on the damp-
ing of these oscillations by appropriate devices accorthrige frequency ranges in which they occur.
Typically, local modes are damped using power system stalsl (PSSs) connected to the automatic
voltage regulators (AVRs) of the generators and, in the céseter-area modes, power oscillation
damping (POD) controllers, connected to flexible AC trarssioin system (FACTS), can be used [2].

In the literature, several models are used to representythantics of power systems and can
be used in small-signal stability studies: (i) the Heffi®hilips model (HPM), which considers a
simplified representation of the power system using lizegriequations of the synchronous machine,
was one of the first presented in the literature. Howeves,iodel has limitations, such as the need to
maintain the infinite bus, as well as to reduce the power systehe terminal buses of the generators
[5]; (ii) the power sensitivity model (PSM) [3], that as thé’M, is a linear model based on the nodal
balance of active and reactive powers at each bus of thensyatal (iii) the current sensitivity model
(CSM), which is analogous to the PSM, based on the nodal dusedance (Kirchhoff’s current law)
at each time instant and at each bus of the system [2, 6]. BetR&M and the CSM have advantages
over the HPM: there is no need to maintain the infinite bus Aedransmission network is preserved.
Thus, the inclusion of new devices in the power system (basgmbwer or current injections), such as
FACTS, is facilitated [2].

Three different approaches are used to adjust the parayadtdre control devices in power sys-
tems, whether they are modeled using the HPM, the PSM, or tiM. C8ese approaches are the
classic ones, robust approaches, and metaheuristic aption algorithms [2].

The HPM has been widely used in the literature for small-aligtability studies. In [7], the au-
thors assess the tuning of FACTS through metaheuristics asidifferential evolution (DE), particle
swarm optimization (PSO), whale optimization algorithmgahaotic whale optimization algorithm.
In the research developed by [8], the linear quadratic eggul(LQR) is applied for damping the low-
frequency electromechanical oscillations of the SMIB egstwhile the LQR is designed using an
algebraic approach derived from the relationship betweeRiccati equation and the Lagrange multi-
pliers. Reference [9] highlights the effectiveness of thienfand fertility algorithm for tuning PSSs. In
[10], a modified sine-cosine algorithm is proposed and aggh design PSSs for small-signal stability
analysis.

Among the classic approaches, the residues method and¢katddized modal control [11] can



be highlighted. While these approaches only consider aesstgkic point of operation, in the robust
methods, the main control objective is to stabilize the paystem for a range of operational scenarios.
In this context, it is possible to mention [12], which objeetwas to perform the simultaneous and
coordinated tuning of the parameters of the supplementanpihg controllers (PSSs and PODs) using
the PSM and linear matrix inequalities for damping of lowefuency electromechanical oscillations in
power systems.

The metaheuristic optimization algorithms have been ssfaly used in the literature to obtain
solutions to the most diverse problems. The main advantaigé® metaheuristics, when compared
to the other methods mentioned above, are the speed of gemes, simplicity, and capacity to avoid
local optimal solutions [13]. The genetic algorithms (GAsyd the PSO algorithm are among the most
popular metaheuristic methods used to solve complex prbl@he GA is based on the natural se-
lection (evolution of the species) proposed by Charles Daftd]. The PSO algorithm, on the other
hand, is based on trsocial behaviorof many species of birds and fishes [15]. Other metaheusijstic
such as the gray wolf optimization (GWOQO) algorithm [16], wkiis inspired on the hierarchical be-
havior of wolves, and the DE [17], which is based on evolwigralgorithms, have recently received
special attention in the literature.

Several metaheuristic algorithms have been applied tortit#gam of tuning the parameters of PSS
and POD controllers for damping low-frequency oscillatianm power systems. Among the methods
used to this purpose, we can highlight the artificial bee mplalgorithm used in [18], the bacterial
foraging optimization algorithm [19], bat algorithm [2@Rriable neighborhood search [2], PSO algo-
rithm [21], and GAs [22].

For solving the discussed problem, [23] and [24] presenhods based on statistical procedures.
For example, [23] adopts the least-mean-squares methd istidy. However, unlike optimization
algorithms, they use extensive data acquisition that req@ixcessive computational work, making the
method prone to errors when providing the parameters ofah&alers. In contrast, metaheuristics
use a fraction of the data to provide optimized parametelso,A24] adopts a stochastic approach to
the control design of the LQR, which employs discrete mettiodslosed-loop models.

In this context, it is important to highlight the work of [25lvhich considers a single machine
infinite bus (SMIB) system modeled using the HPM, and a DE aptition algorithm is used to
parametrize the values of the state weighting matriceslanddntrol signals of the LQR. The objective
of the work is to coordinate the use of PSS and thyristor otlett series capacitor (TCSC)-POD
simultaneously to stabilize the previously unstable syst&he proposed method is complex due to
the number of devices used and it demands a high computbéfiod. In addition, the work does not
define the desired damping parameters for the oscillatogesmipresent in the power system.

Finally, [23] compares the performances of three metakgcsi the artificial immune system,
evolutionary programming, and the PSO. The main objectivbework is to optimize the synchro-
nizing torque and damping coefficients of the SMIB system etedlusing the HPM. According to the
authors, the PSO presented the best results when compaitesl ather algorithms for obtaining the
parameters. The work does not present the evaluation oéthpdral response or the performance of



the control actuation in the system.

Compared with the references mentioned before, this stualy&es the following concepts that
have not yet been approached: (i) it develops a metahedbiated approach for the LQR control
design applied to damping low-frequency oscillations e 8MIB system modeled with the CSM, and
(i) it performs a study involving efficient metaheuristice., GA, DE, PSO, and GWO, for the optimal
control design aiming to determine which technique is martable for the studied problem.

Therefore, this paper proposes a novel application of neettastics to the design of the LQR ap-
plied to the SMIB system modeled using the CSM for closed-Istailization. The metaheuristics
presented in this work are the GA, DE, PSO, and GWO algorithhet are used to tune the LQR
weighting matrices. The evaluation of a solution propo$ahe metaheuristics is performed by an-
alyzing the closed-loop eigenvalues of the system, inalgidhe oscillation frequency and damping
coefficient, which are essential to determine the suitabhelitions for stabilizing the system. Hence,
the main contributions of this study are:

(i) A state feedback controller via LQR optimized using nietiaristic methods, which acts on the
AVR stabilization and is applied to the SMIB system modelsthg the CSM. This proposal
presents a control technique that guarantees the statilitye system with a simpler configu-
ration in comparison to the proposal of [25], which conssdine coordination of the PSS and
the TCSC using LQR. As it was already mentioned, there are @leagvantages of representing
electric power systems using the CSM instead of the HPM;

(i) Optimal control guarantee based on the quadratic perdmce index via LQR tuned by meta-
heuristics. The proposed method considers the desiredvallyes as the evaluation function of
the metaheuristics, different from [25], which does noserd a minimum damping requirement.
Therefore, the proposed control strategy allows to comthieg@rinciples of optimal control with
the desired parameters and the effectiveness of the meistiesufor solving complex problems;

(i) An approach that allows determining the desired damgpiange. Differently from [23] and [25],
which do not define a desired damping for the solutions, irpteeent work, a minimum desired
damping for the poles of interest is considered,;

(iv) To implement the GA, DE, PSO, and GWO optimization aitfons to perform comparative
performances analysis with the SMIB system modeled usie@®M. The performances of the
algorithms are evaluated using statistical methods thaiodstrate that the GWO algorithm is
the most efficient algorithm to stabilize the plant undedgtusing the LQR, even better than
the DE algorithm proposed by [25].

It should be highlighted that regarding point (i), the SMi&B®mM modeled using the CSM is an
original contribution of this paper. Moreover, as mentidirepoint (ii) the proposed approach ensures
a minimum damping level for the system, differently fromatkvorks, such as [23] and [25], that only
find a stable solution for the problem. Note that the solifiund by the approach presented in this
article will be more effective than the ones found in exigtapproaches available in the literature, such
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as the ones presented by [23] and [25]. The desired dampiigg r@entioned in point (iii) will allow
the effectiveness of the solution. Finally, as mentioneplamt (iv) we show that the GWO algorithm
presents better performance to solve this problem tham ttitional metaheuristics that were used
for the same purpose.

Thus, the GWO metaheuristic can be accredited as a powectuhique for the LQR control design
applied to power systems. It is also worth noting that nonthefstatistical approaches used in this
work (number of iterations, error, and time of convergensejsed in the works aforementioned.

The main advantages of the approach presented in this stedfi)avhen adequately designed, the
LQR guarantees the optimal closed-loop performance h@)use of metaheuristic algorithms applied
to the LQR design enhances the results of the control sya& the presented metaheuristic-based
LQR design applied to the SMIB system closed-loop staliibraensures better performance com-
bined with the desired poles specification; and (iv) the psagl study performs a complete analysis
of the performances of the metaheuristics and evaluat@ssihgability for the SMIB system stabi-
lization. Thus, the arguments presented evidence that étlead employed to solve the SMIB system
stabilization is innovative. Differently from previous vks, the results are supported with statistical
analysis for the LQR optimal control design.

The organization of the work is as follows: Section 2 dessithe modeling of the SMIB system
in the state space using the CSM; Section 3 defines the comtatégy used to stabilize the system;
Section 4 presents and discusses the metaheuristics usesiwork; Section 5 presents further details
of the implementation of the metaheuristics; Section 6gmtssthe tests and results; finally, Section 7
presents the conclusions and future works.

2. The Current Sensitivity Model for the Single Machine Infinite Bus System

The SMIB is a classic system used in the literature for thdysti electric power systems stability
[1]. Fig. 1 illustrates its single-line diagram, which c@ts of a synchronous generator, a load, a
transmission line, and an infinite bus.

S =P +jQ

Figure 1: Single machine infinite bus system.

In Fig. 1, £’ andV}, are phasors representing, respectively, the internalendnal voltages of the
synchronous generatov,, is the voltage phasor at the infinite busg, is the current phasor supplied
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by the generator, and, its direct axis transient reactancg, is the current phasor absorbed by the
load P, + jQ,, andI is the current phasor through the transmission line witheidgmceZ, .

By analyzing Fig. 1, by inspection, it is possible to obtaip€1(4).

Vi = Visin(d — 6) (1)
Vy = Vi cos(6 — 6) 2
E' -V,
Iy = ——— (3)
Lq
7=V @)
xZ

In (1) — (4), the indices! andq are related to the rotating coordinate systey) of the generator
G, x, andd are, respectively, the synchronous reactance of the quaeraxis and the internal angle
of the generatolz and ¢ is the voltage angle at the terminal biis Finally, £/, V,, andV, are,
respectively, the quadrature axis internal voltage, thaiteal voltage in phase and in quadrature of
generatol= [26].

2.1. Currents Generated by the Synchronous Generator
According to [26], it is possible to use Park’s transforraatin (3) and (4), being possible to

migrate the quantities from the coordinate systeny) to the coordinate§-, m). By inspection, it is
possible to obtain (5) and (6).

Ig, = sin(9) (E‘;x;ldvq) + cos(0) (?) (5)
Ig,, = —cos(0) (Eq; Vq) + sin(0) (?) (6)
d q

Equations (5) and (6) represent the rek} § and imaginary [;,,) components of the currents
generated by the synchronous machine of the SMIB system.

2.2. Current on the Transmission Line

By consideringZ, = r. + jz. andV, = V,, cos(#) + jVi sin(#) in Fig. 1, it is possible to calculate
the current phasoi, on the line between the terminal busind the infinite bus of the SMIB system,
as presented in (7) and (8).

e [Vi cos(8) — Vo] + 2. Vi sin(6)

b= 72 (7)
I, = TeVadin®) - a: Decoslf) - Vo ©

In (7) and (8),/,, and/,, represent the real and imaginary components of the curoertise trans-
mission line of the SMIB system, respectively.



2.3. Load Current

Suppose there is a load connected to the terminal bus of tiexaer (see Fig. 1). Also, suppose
that the complex power of this load & = P, + jQ;. Thus, it is possible, by inspection, to calculate
the current demanded by this eventual lohdas shown in (9) and (10).

~ Bcos(0) + Qysin(0)
r Vk;
_ Qicos(f) — Pysin(f)

I, = 1
" - (10)

I

(9)

Equations (9) and (10) represent the real and imaginary oasngs of the load currents of the
SMIB system, respectively.

2.4. Nodal Current Balance

Differently from the classic models available in the liter®, particularly the HPM [1], the CSM
is based on the application of the nodal current balance &t bas of the power system. In this
particular case, the balance is considered at the termusbbthe generator of the SMIB system.
Mathematically, this balance is represented by (11) anyl (12

Ie, -1, — 1, =0 (11)

me - jm - ilm =0 (12)

Equations (11) and (12) are algebraic equations that reptése balance of the real and imaginary
components of the currents at the terminal bus of the gesravithe SMIB system.

2.5. Differential Equations of the CSM

To finalize the representation of power system using the CEM,necessary to incorporate the
differential equations that represent the dynamics of yinelsronous machine, presented below.
2.5.1. Internal Voltage of the Synchronous Machine

As presented in [26], the variation of the internal voltagéhe synchronous machine is expressed
by (13).

. 1 Tq Tq
E =— |EBy——=F — =11V o—06 13
q Tc/lo [ fd z, gt (3321 ) . cos( )] (13)

In (13), T}, is the transient time constant of direct axis in open cirdi is the excitation voltage
of the synchronous machine anglis the direct axis transient synchronous reactance of thergeor
of the SMIB system.

2.5.2. Field Voltage of the Synchronous Machine

The effects of the field winding of the synchronous machirecansidered when the synchronous
generator is equipped with an AVR [26], as presented in Fig. 2



Figure 2: Block diagram of the AVR.
By inspection, based on Fig. 2, it is possible to obtain (14).

. 1 K, K,
Eq = _jTrEfd + eref — ?Tvk (14)

In (14), K, andT, are, respectively, the gain and the time constant of the A& &, is the
reference voltage of the generator.

2.5.3. Electromechanical Equations of the Synchronoushinac

According with [27], the mechanical quantities of the symetous machine, the angular speed of
the rotor (v) and its internal anglej are presented in (15) and (16).

0 = %(Pm — Py — Dw) (15)

= wow (16)

In (15) and (16),M = 2H and represents the inertia constai, is the input mechanical power,
Pg is the active power generated by the synchronous machingthe damping torque coefficient of
the electromechanical loop, ang = 377 rad/s.

2.6. Representation of the SMIB System using the CSM in tleeDamain
As already mentioned, the CSM is based on Kirchhoff’s curi@miat the nodes and its application

provides the algebraic equations of the model [6]. The sBtepbwer systems modeled using the CSM
can be expressed by (17)(20).

AX J1 J2 AX Bl
_ " | an
0 J3 34 || Az B2
T
AX:[Aw AS AE] AEfd] (18)
T
Au:[APm AViet AP, AQZ} (19)
T
Az = [ AO AV, ] (20)

The sub-matriced1, J2, J3, andJ4 shown in (17) are detailed in (21) and (22). In (1&x
represents the state variables of the system, while A6, AE;, andA Ey, represent, respectively, the
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angular speed of the rotor, the internal angle of the raterjnternal quadrature voltage, and the field
voltage of the synchronous generator.

In (19), Au represents the input vector of the system, in whigR,, is the input mechanical
power,AV,. is the reference voltage of the AVR, and®, and AQ), represent, respectively, the active
and reactive power drained by the loBd+ j@Q; connected to buk.

Finally, (20) presents the algebraic variables of the sysfEhese are represented Ay, andAV,
which correspond, respectively, to the voltage phase argleéhe voltage magnitude at btis

[ Do _rx1 k2 ] [ K1 _K3 |
M M M M M
wo 0 0 0 0 0
Il = , J2= (21)
0 KA __z4 1 KA KV
Tyo Ty Tao Tyo Tyo
0 0 0 —7 | 0 7=
0 R2g¢ Rlg O A, B,
33 = , J = (22)
0 M2 Mlg O A, Bn
& 0 00
0 0 00 0 0 —C3. —C4,
Bl = , B2 = (23)
0 0 00 0 0 —C3,, —Cdp,
Ky
0 75 0 0

From the above, the power system model represented usingSM in the state space can be
rewritten according to (24).
AX = AAX+ BAu (24)

In (24),A = J1 — J2J471J3 is the state matrix anB = B1 — J2J4'B2 is the input matrix of the
system. More details about the formulation and the coefftsishown in the (17} (23) can be found
in Appendix A.

3. Control Strategy

According to [28], the optimal LQR consists of a systemate&timod that minimizes the quadratic
performance index, as presented in (25).

J(AX, Uy, t) = / h [AX(1)TQ.AX(E) + Ul (t)ReUvys(t)vs] dt (25)
0

According to [6], the model in the state space of the SMIBaystising the CSM, expressed in (24),
can be re-adapted to consider a supplementary voltagervadioe AVRs coupled to the generators



and, thus, (26) can be obtained.

AX = AAX + Byuys + BAu (26)

In (26), uys = —KpqrAX, Bys =10 0 0 %]T, in which K, andT, are, respectively, the gain
and the time constant of the AVR. In additioli; oz = R, 'B1.N is the state space feedback gain, in
whichN = N7 > 0 is symmetric positive semi-definite, and can be obtaineahfitee solution of the

infinite horizon problem, given by Riccati equation (27).

ATN +NA — NBy,R;'BY,N+Q, =0 (27)

In (27), Q. = 0 andR, > 0 are the weighting matrices of the states and the controlakign
respectively.

The state-space diagram of the AVR, based on the control lagepted in this section, is illus-
trated in Fig. 3. In this work, the weighting matrices of th@R, Q. andR., are obtained from four
metaheuristics, which are discussed below in Section 4tHeostudied problem, it was verified that a
diagonal matrixQ, is sufficient for obtaining the desired damping values. Noeless, it is possible
to apply the proposed approach considering a symmetricidh@ f matrix.

4. Techniques to Adjust the Parameters of the LQR Controller

An efficient approach for solving optimization problems,igéhdoes not necessarily require an
explicit mathematical formulation of the problem, is to @smetaheuristic [29].

Some metaheuristic methods are inspired by natural phemmraed use operators based on physi-
cal, biological, or behavioral phenomena to solve compfeingization problems. These methods can
be classified into four main groups: algorithms based orafiiral evolution, (ii) physical phenomena,
(i) swarm, and (iv) human behavior [30]. In general, it isggible to observe in the literature that
algorithms based on the natural evolution and in the soelahbior of certain individuals in nature are
the most used to obtain solutions of power systems optimizgtroblems. These two categories are
illustrated in Fig. 4.

The evolutionary algorithms are based on Darwin’s prireeipl evolution of the species, and use
specific operators in order to select, over successive geoes, the fittest individuals to originate the
next generation. According to [31] the main algorithms ¢eden this subcategory are the GA and the
DE algorithm. On the other hand, the PSO and the GWO are the atgorithms in the swarm-based
category that use techniques that mimic the individual a@ths behavior of certain animals found in
nature.

4.1. Genetic Algorithms

The GA is a population-based optimization tool originalgvdloped using mechanisms from Dar-
win’s evolutionary theory. It was first suggested in the 19%§ Holland [14] and can be seen as a
class of evolutionary algorithms [29].

10



Desired:¢, w,

/
Y,

i 1
- L Proposed structure]
\\ //
_________ i [N .. ]I
andr. " N LQR metaheuristicl
Q. G===1 -7 optimization methocl
________ g 1
A [ T
/N .
| 1

Output parameters;, w,

o |

<
<

<
<

I
AQ,

Figure 3: Block diagram representation of the state spacateEms of the AVR.

Initially, the parameters..,, t.ut, aNdgmax, Which represent, respectively, the crossover probgpilit
mutation probability, and maximum number of generations,defined. For the problem discussed in
this work, the individuals that represent a solution pr@pase the diagonal values of the LQR weight-
ing matrices {iag(Q.), R., respectively) necessary to obtain the feedback §aifr, as illustrated in
Fig. 7, and explained in Section 5. The fitness function isioletd using the CSM, and includes the
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Figure 4: Categories of metaheuristic algorithms.

frequency of oscillationd,,) and the damping() of the poles of interest of the power system.

At each iteration of the GA, a new population is generateeéth@s the individuals of the current
population. The solutions of the new population are obtalmeapplying a sequence of operators, i.e.,
the selection, crossover, and mutation. The proportioglaction operator using a roulette wheel, that
gives more chance to the fittest solutions to be chosen torgogh the crossover operator, is used
in this work. The single-point crossover is applied to eaain pf solutions provided by the selection
operator, and exchange the parts of the solutions sepdrategoint randomly chosen. The mutation
slightly changes the value of a variable considering itsnogu After the new population is formed,
the fitness of each individual is evaluated. Finally, théssh operator is applied: the best solution
of the current population replaces the worst solution ofrtee population. The steps of the GA are
presented in Algorithm 1.

Algorithm 1: Genetic Algorithm
Initialization.
while g < gnax dO
for each individualdo
Apply the proportional selection operator using the rdeletheel.
if rand|0, 1] <t then
| Apply the single-point crossover operator.
end
if rand[0, 1] <ty then
| Apply the mutation operator.
end
Apply the elitism operator.
end
Update the population. Evaluate the fitness function of @&adikidual;
g4 g+1.
end

4.2. Differential Evolution

Analogously to the GA, the DE algorithm is a population-lthsearch method. It considers a
population ofn, individuals that form each generation, i/, withi = 1,2,3,--- ,n,, where; is the
number of the individual generated at each generatidry].

Fig. 5 illustrates the procedure used in the mutation opexatthe DE algorithm. It consists of
performing a weighted difference between two individudishe current populationyf, — y?,) for
generating a third individual (28), in which is a scalar number.

12



__________
Y 7 S~
y2 yr2 Vr3 o \\\
-’ —_ \
A \
\\ /// ///’ \\\ \\\
\ 4 \,
/( e S \\ \\
// \\ e e N \ \
SN d N \ \
/ Y \

\
\
\
i
]
i
i
I
/#)V F(yly —Ys)

/
-1 /

\
\

-
-
~——————T

>

Figure 5: Mutation with difference vectors [32]. N

Vi=yi + F (Vi —Yis) (28)
After the differential mutation and the binomial crossopsscedure (in which each position of the
individualy? is replaced by a position of the vectdrwith a crossover probability), the following step
is the calculation of the fitness function of the resultingisidual, f(u?), and the comparison with the
fitness function of the current individugly?). The individual with the lowest cost participates in the

new generation. This process is repeated until the stoppitegia is met. More details about the DE
algorithm can be found in [17, 33] and Algorithm 2.

Algorithm 2: Differential Evolution
Initialization.
while g < gnax dO
for each individualdo
Apply the differential mutation operator;
Apply the binomial crossover operator wigh andv?;
Evaluate the new individualf.
if f(uf) < f(y?) then

| Replace the current individual.
else

\
end
end
Update the population;

g+ g+ 1.
end

Maintain the current individual.
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4.3. Particle Swarm Optimization

According to [15], the PSO algorithm consists of a metalstigridealized based on tlsecial be-
havior of certain individuals found in nature, for example, birdsldishes, associating the experience
of individual and group behavior of a given flock or swarm.

This metaheuristic uses a setrgf particles with their positiong/, in whichi represents the index
of the particle in the swarm anglis the iteration, that form a swarm in motion looking for thesb
solution for an optimization problem.

The combination of individual experiences is used to adhesexploration procedure of this heuris-
tic. The swarm is driven by the velocitie$, updated at thg™ iteration of the algorithm using (29)
and (30).

VIt = Cov! + Cird, © (y;" — y!) + Card; © (h**H9 — y7) (29)

i

yot =yl vt (30)

In (29) and (30)(%, C1, andC, are, respectively, the inertia factor, cognitive factoid aocial fac-
tor of each swarny,{ ; andrg ; are vectors with random values evenly distributed in theriratl [0, 1],
y?e“’g andh"*%9 are, respectively, the best position of particfeund so far and the global best posi-
tion found for a particle [34]. The operataris the Hadamard product (element-wise multiplication).
Algorithm 3 shows the steps of the PSO algorithm.

Algorithm 3: Particle Swarm Optimization Algorithm
Initialization.
while g < gnax dO
for each particledo
Evaluate the swarm and determi}&™¢ andh"*"9;
Calculate the velocity of the particle in the swarm using (29)
Update the position of the particle in the swarm using (30).
end
Update the swarm,;
Calculate the evaluation function for each patrticle;
g< g+ 1.
end

4.4. Gray Wolf Optimization Algorithm

The GWO algorithm is based on the hierarchical social bemafia wolf pack. This hierarchy is
divided into four levels without gender restriction, assirated in Fig. 6. At the top of the hierarchy is
the alpha &), which leads the pack. Below in the hierarchy are the betgsahich have the function
of assisting the alpha in making decisions in the leadershipe pack and, thus, are the immediately
most likely candidates to become an alpha. Next, we can fiadi¢tas ), which are submitted to
commands and have the function of assisting alpha and b&tése end of the hierarchy, the omegas
(w) stand out, which are submitted to the decisions of the $onsain the hierarchy [16].

In the GWO algorithm, the hunting skills of wolves are addeskin the implementation of the
optimization technique. The hunting is carried out in suevea that the best solution to the problem
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Figure 6: Hierarchy of the GWO algorithm [16].

is surrounded, tracked, and captured. The equations thsirdte this approach to the wolf pack are
presented in (31) and (32).

d! = |c/ O yI —y!| (31)
yit =yl —al od! (32)

In (31) and (32)¢ is the current iteration andis the current wolfy? is the position of the best
solution or prey, ang? is the position of a wolf. The operat@t provides the absolute value of each
element of a vector. Furthermore, the vectgraindc] are calculated using (33) and (34).

a$:2~w§’®r§7i—wf (33)
=21y, (34)

In (33) and (34), the components of the vecidr are linearly decreasing values obtained from
the interval[0, 2] and are adjusted during the iterations. In additign,andrs; are vectors randomly
generated in the intervg, 1].

In the next stage, the alpha leads the hunt with the betas e@takdsince they are the ones that
possibly have the closest proximity to the prey. In this sthp locations of the individuals from the
top three levels of the hierarchy, including the omegasatgthe positions of the individuals. The
equations that represents this step can be verified in the{(351).

dd; =Icl, oys — v/l (35)
d%, = I3, oY% — Y| (36)
di, =lc3; o yi — v/l (37)
Yi, =y, —al,od; (38)
Y5, =Y —a,0d}, (39)
Yii =Ys —a3; ©dj; (40)
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yg+1 _ Y?,i + yg,i + yg,i
! 3

(41)

The attack, or convergence of the method, is characterigestiopping the movement of the indi-
viduals and indicating the position of the best solutiorp@sented in Algorithm 4.

Algorithm 4: Gray Wolf Optimization Algorithm
Initialization.

while g < gnax dO
Defineyy, y3, andys.
for each wolfdo
| Update the position of the wolf using (35) (41).

end

Update the pack of wolves;
Evaluate the pack of wolves;

g+« g+ 1.
end

Section 6 will present quantitative and qualitative resolbtained with the algorithms covered in
this section.

5. Details of the Implementations of the Metaheuristics

For the operation of a power system with a safe operatingimargen low-frequency electrome-
chanical oscillations are present, it is necessary thatahging coefficients of these oscillatory modes
present in the system be well damped for any operation poanticularly within a specified loading
range. In this work, to simulate the proposed algorithms, tbjective functionsf; andF5, are used,
which are weighted by, andu,. These are associated in an objective funcfibas can be analyzed
in (42) — (44).

Fl _ Hllln{ {gzgles . gz{:alc ’} (42)
Fy = min{|w{® — wi™°[} (43)
minimize F = ju Fy + pio Fy (44)

In (42) — (44)¢&des and £52° are, respectively, the desired damping (specified in thgegtoand
the damping calculated from the solution under evaluatidrile w{* andw$* are, respectively, the
desired frequency (specified in the project) and the frequealculated from the solution under eval-
uation for thei*" eigenvalue of interest. In the proposed approach, the tilgsis to solve a constraint
satisfaction problem [29]. This means that the desired dagngnd frequencies are considered as re-
strictions of the problem and, therefore, any adjustmeattphovides poles within the limits specified
in the Table 1 is considered as a solution to the proposedesrob

In this work, at each iteration of the optimization algonith, the simulated pole of interest must
satisfy the design conditions specified in the Table 1 anditenvalues of the simulated system should
be allocated within a specific region in the complex plane.
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Table 1: Parameters for the evaluation of the objectivetfanc
€des = 0.40 £20% (p.u.)  wd® = 1.40 & 20% (Hz)

Min. 0.32 Min. 1.12
Max. 0.48 Max. 1.68

As mentioned in Section 3, the individuals of each impleradmhetaheuristic are represented by
vectors that contain the elements of the LQR weighting m@$;Q,. andR,,, as verified in Fig. 7.

R. Parameters
—~—

Qu Q22 Q33 Qua Ry

Q. Parameters
Figure 7: Representation of a solution proposal.

Once the control parameters described in Fig. 7 are detedninis possible to determine a state
feedback gainKiqr) that, after being applied to the AVR, it is possible to imposaimum damping
and desired frequency (see Table 1) to the oscillatory moekept in the simulated SMIB system.

Finally, it should be mentioned that, to avoid overparamzd#ion of the problem, it is possible to
normalize matrice®,. andR. by imposingR;; = 1.

6. Tests and Results

When the system is simulated using the CSM in open loop and aenirsg the data available in
Table A.6 (Appendix A), a pair of complex conjugated poles= 0.32 + ;7.28 is obtained, with
frequencyw, = 1.1593 Hz and damping = —0.040 p.u. Throughout the text, this case will be
denoted as theancompensated systeriVhen analyzing the results obtained for the uncompensated
system, it is possible to verify that the SMIB system is ublstand has a local mode, characterized by
the natural undamped frequency and by the real positivegbdinte pole of interest. In the objective
function (44),u1 = pus = 1.

6.1. Metaheuristics Applied to the LQR Design

The parameters and implementation details of the metaimsrare described in Table 2.

By analyzing Table 2, it can be verified that the GA uses theetteiwheel selection, crossover
operator with a random chromosome cut, and the mutationrsaceach individual with the variation
of 10% of the value. Regarding the DE algorithm, it is observed tihzd$ a procedure analogous to the
GA in the crossover, mutation, and elitism steps, but witlustchents of the individuals as explained
in (28). The PSO algorithm follows the procedure presente@9) — (30). Finally, the GWO uses
expressions (31) — (41).

A set of 100 runs was considered for each algorithm to evaluate thesctfeness in solving the
problem. The tests were conducted on a computer witl@GHz 8™ generation Intel® Cord” i3
processor and GB of RAM.
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Table 2: Parameters of the algorithms.

Search Engine Algorithm Simulation Fitness
Structure Parameters Parameters Function
Roulette selection: 50% probability rate
GA Crossover [-cut): 50% probability rate
Mutation (10% of the value): 10% probability rate
Elitism: best individual
Crossover [-cut): 50%probability rate
DE Mutation (10% of the value):  10% probability rate Population size200
DE function rate (28): 0.3 Stopping criteria: Table 1|  (44)
Elitism: best individual Max. number of iter.100
. CQ = 10%
Equations
PSO (29) - (30) Cy =170%
Cy =20%
a = 15 best individual
GWO Equations B = 2" and3™ best
(31) — (41) § = 4" — 6" best
w = the remaining oneg

The evaluation criteria used in the analysis are the numbiermtions, time until convergence,
and convergence error, as it can be seen in Fig. 8 and in taksrehown in Table 3.
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Figure 8: (a) Number of iterations, (b) time of converger{cgconvergence error.

By analyzing the results presented in Fig. 8 and in Table &yntle verified that all the algorithms
converged inl00% of the tests performed. When comparing the number of iteratithe GWO algo-
rithm and the GA presented the best results. Besides thanithemmum and the maximum number of
iterations required for convergence were the same in thalatrans performed, however, the GWO
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Table 3: Performances of the algorithms.

Algorithm GA DE PSO GWO
Minimum 2.00 13.00 22.00 2.00
Iterations Mean 3.70 38.61 25.61 3.56
Maximum 8.00 95.00 32.00 8.00
Minimum 4.07 3.37 10.10 0.65
Time (S) Mean 6.47 8.35 12.80 0.89
Maximum 13.17 17.94 17.18 2.12

Minimum 2.7 x 1074 6.0 x 1073 3.0x 1073 1.8 x 107?
Error (%) Mean 9.80 x 1073 17.0 x 1073 12.8 x 1073  3.80 x 1073
Maximum 199 x 1073 20.0 x 102 181 x 1073 19.0 x 1073

algorithm converged on average wilb6 iterations while GA converged with.70 iterations. When
comparing the time to convergence and the convergence #reo6WO algorithm proved to be more
efficient than the other approaches, converging with anaaeeerror 0f3.80 x 1073 and an average
time of 0.89 seconds.

Fig. 9 shows a series of box plots with the data presentedgn 8iand Table 3. These plots
show the statistical distribution of the data between ttst Guartile (0159 and the third quartile@3™)
(lower and upper parts of the rectangles). The second tu&pR"®) or median is the red line that
segments the rectangle. The lines located at the upper aed émds of the box comprig®% of the
observed data, and the red crosses are called outliers.
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Figure 9: Box plots of the performances of the metaheusistic

By analyzing Fig. 9 itis evident that the GWO algorithm prdsenpositively asymmetric arrange-
ment of the data and the largest number of individuals oetsidhe normal data distribution (outliers).
However, the amplitudes of the GWO algorithm plots are sendélian the others, which indicates less
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data dispersion. Regarding the other metaheuristics, tiely&A has a more constant convergence
time rate than the GWO algorithm. However, the median timedmvergence of the GWO algorithm
Is lower than the other algorithms under study.

Fig. 10 presents a radar plot of these results. It consigisreé axes that represent the execution
time of the algorithms, the number of iterations, and thererr

Time

N —GA —DE PSO GWO

Iterations

/

Error
Figure 10: Radar plot of the performances of the metahéesist

In Fig. 10, the red, dark blue, light blue, and green curdeastilate the radar plots of the GA, DE,
PSO, and GWO, respectively. Furthermore, according todHdarrplot of each algorithm, it is clear
that the algorithm that has the smallest convergence tithesowest errors, and the lowest number of
iterations is the GWO algorithm since its plot is the clogeshe origin.

Finally, by considering the GWO algorithm and imposiRg = 1, it was possible to find results
for the problem with a similar performance to the resultsaoi#d for the GWO in this section. In this
case, overparameterization of the problem can be avoided.

6.2. Evaluation of the Solutions
To verify the efficiency of the controllers, a solution fromol of the previously simulated meta-

heuristics was selected. Their weighting matrix paransedad feedback gains are presented in (45)
(48).

Qaa = diag([3.00 7.00 8.00 0.0002])
3 Raa = 5.00 (45)
Kigre, = [59.28 —0.34 1.43 0.0002]
\
(
Qpg = diag([1.62 4.00 4.00 0.01))
Rpg = 6.00 (46)
K Kigry, = [—41.58 —0.18 0.99 0.0002]
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Reso = 6.11 (47)
Kigree = [~49.89 —0.26 1.19 0.0002)
Quwo = diag([7.19 11.17 14.32 0.00))
Rawo = 5.01 (48)
Kiohews = [-7432 —0.46 1.85 0.0003]

A disturbance was simulated iku, in the form of a sudden increasei®% in the mechanical input
power of the generator shaft. Fig. 11 shows the variatioménangular speed of the generator shaft
and the response of the open-loop system, which presentsséatole behavior.
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Figure 11: (a) variation in the angular speed of the geneshiaft and (b) response of the open-loop system.

Fig. 12 presents the angular speed variatidnson the generator shaft and the variation of the
control signalAuy, for the closed-loop system, compensated by the LQR, for eathhmauristic.

In Fig. 12, all simulations were carried out under the sameragng conditions, with the state
feedback gains described in (45) (48). The numerical values presented in Fig. 12 for each pair
(Time, Aw) and (Time, Auys) are, respectively, the overshoot and undershoot timesafcin ef the
LOR responses. In additiohQR,, is represented by the curve in rdd)R by the curve in dark
blue, LQRpgo by the curve in light blue, anQR o by the curve in green. It is observed that all
the algorithms achieved similar results. However, the temiuof the GWO algorithm presented the

lowest overshoot il\w when compared to the other responses, while the lowest simalarinAw is
achieved by the PSO algorithm.

Table 4 presents the poles of interest for both the unconapetsind compensated systems.
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Figure 12: Variation of the angular speed of the generataft stmd control signal for the compensated system.

Table 4: Poles of interest, damping coefficients, and undghmatural frequencies of the SMIB system.

Control A=0cFw 1S Wy,

Open-loop 0.32£77.28 —0.040 1.1593
LOQR-GA  —3.51+38.03 0.400  1.3957
LQR-DE  —3.53 + 58.02 0.403  1.3958
LOR-PSO —3.53 + 58.09 0.400  1.4037
LOQR-GWO —3.51 4+ 58.04 0.400 1.3973

By analyzing Table 4, it is possible to verify that all algbrits strictly fulfilled the requirements
of the project, allocating the pole of interest of the SMIBtgym to the region located on the left
half-plane of the complex plane with frequency and dampiithiwthe specified rangeH20%).

Table 5 presents the results of the time responses congidéme integral absolute error (IAE),
integral squared error (ISE), integral time-weighted &ldsoerror (ITAE), and the integral of time-
multiplied square error (ITSE) performance indices [35pt&that the GWO algorithm has the best
performance when compared to the other metaheuristics sy, with the lowest performance in-

dices, making it clear that the LQR adjusted using the GWOrélgn has the lowest loss of responses
over time.
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Table 5: Performance indices.

Algorithm GA DE PSO GWO
IAE 1.2290 x 107*  1.2684 x 10~*  1.2382x 10~* 1.2132x 107*
ISE 3.0066 x 107%  3.2590 x 107®  3.0943 x 10™®  2.9831 x 10~°
ITAE 7.3438 x 107 7.5200 x 1077 7.3499 x 1075 7.2468 x 107°
ITSE 1.4680 x 107%  1.5898 x 107®  1.5075 x 107®  1.4675 x 10~®

7. Conclusion

This work presented a comparative analysis of the perfocesmaof four metaheuristics, namely the
genetic algorithm, differential evolution algorithm, pale swarm optimization algorithm, and gray
wolf optimization (GWO) algorithm for designing the paraters of a linear quadratic regulator (LQR)
applied in a state feedback control over the automatic geltagulator for damping the low-frequency
electromechanical oscillations present in the single nm&dfinite bus (SMIB) system modeled using
the current sensitivity model. The purpose of the algorghmas to provide the components of the
weighting matrices and, consequently, provide the sta@élfack gains of the LQR.

The tests indicated the existence of a local oscillation eniodthe SMIB system that caused the
instability of the system. The proposal was then appliedda&earthe system stable. The results demon-
strated the effectiveness of all tested algorithms forieglthe problem, with emphasis on the GWO,
which, from a more detailed analysis of the results, proedakt superior to the other approaches.

In addition, an analysis was carried out considering a swiyirovided by each algorithm. It was
evidenced that all the algorithms fulfilled the project regments, with the damping and frequency
stipulated. In this way, the simulated closed-loop systename stable with well-damped oscillations.

Future works can consider new or improved metaheuristisslte the studied problem. Moreover,
other control techniques, such as nonlinear control teghas optimized by metaheuristics and robust
model predictive control design, could be used to stabihegpower system.

Appendix A. Data for the SMIB System

Table A.6 presents the data for the SMIB system.

Appendix B. Coefficients of the CSM for the SMIB System

K1 = K{“ cos(d — Q)E; + V2 cos(20 — 26) <1 — 1,) (B.1)
T, Ty oz
K2 = ng sin(é — ) (B.2)
Lq
in(d — 0)E,
3= O OE, 06— 20) (1 _ 1,) (8.3)
T, T, oy
K4=—K1 (B.4)
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Table A.6: Parameters of the SMIB system.

Parameter Value Unit
D 0.00 kWs/kVA
H 5.00 kg
Wo 377 rad/s
T, 1x1073 S
T, 6.00 S
Vi 1.00 p.u.
P 0.50 p.u.
Q 0.50 p.u.
K, 40.0 p.u.
T, 0.32 p.u.
Ty 1.60 p.u.
z, 1.55 p.u.
Te 0.00 p.u.
Te 0.30 p.u.

KA=V, (‘””d . xd) sin(6 — 0)
Zq
KV = (md — xd) cos(6 — )
Lq

1
Rlg = —sin(0)
Lq

R2; = i,E; cos (9) + (1 — 1,) Vi cos (20 — 0)

Id a:q $d

R3g = —i, sin (6) cos (6 — 0) + 1 cos (§) sin (6 — 0)

Ty Lq

Rig = —i,Vk sin (0) sin (6 — 6) — in cos (0) cos (6 — 0)
T, Lq

1
M1g = —— cos (9)
Lq

M26 = — 2 B sin (6) + (1 - 1> Viesin (26 — 0)

4 Tq Z4
1 1. .
M3g =——cos(d)cos (6 —6) — —sin () sin (6 — )
T4 Lq
MAg = ——% cos (§)sin (8§ — 0) — — sin (8) cos (6 — 6)
T, Lq
1
Rl = 7 [Te cos (0) + ¢ sin (0)]
R2 = —% [resin (0) — e cos (0)]

(B.5)

(B.6)

(B.7)

(B.8)

(B.9)

(B.10)

(B.11)

(B.12)

(B.13)

(B.14)

(B.15)

(B.16)



M1 = 2 [r.sin (6) — 20 cos (6)] (B.17)

Z2
~ % 0 in (0 B.18
MZ—Z—E[TQCOS()—ersm()] (B.18)
o1, = _ Psin (0) — Qpcos (0) (B.19)
Vi
Pycos () — Qpsin (6
co — 1 ( )V2Ql (9) (B.20)
k
cos(0)
= B.21
C3 7 (B.21)
sin(6)
4, = B.22
C 7. (B.22)
oL — _ Picos () — Qsin () (8.23)
Vi
C2, = P;sin (0) _QQZ cos (6) (B.24)
Vi
sin(6)
m = B.25
C3 V. ( )
cos(6)
4, = — B.26
c o (8.26)
A, = Rde — R2 — (1, (B.27)
B, = R3¢ — R1 — C2, (B.28)
Ay = Mdg — M2 — C1,, (B.29)
By = M3g — M1 —C2,, (B.30)
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