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Abstract: This study performed a comparative analysis of five new meta-heuristic algorithms specifi-
cally adopted based on two general classifications; namely, nature-inspired, which includes artificial
eco-system optimization (AEO), African vulture optimization algorithm (AVOA), gorilla troop opti-
mization (GTO), and non-nature-inspired or based on mathematical and physics concepts, which
includes gradient-based optimization (GBO) and Runge Kutta optimization (RUN) for optimal tuning
of multi-machine power system stabilizers (PSSs). To achieve this aim, the algorithms were applied in
the PSS design for a multi-machine smart power system. The PSS design was formulated as an opti-
mization problem, and the eigenvalue-based objective function was adopted to improve the damping
of electromechanical modes. The expressed objective function helped to determine the stabilizer
parameters and enhanced the dynamic performance of the multi-machine power system. The perfor-
mance of the algorithms in the PSS’s design was evaluated using the Western System Coordinating
Council (WSCC) multi-machine power test system. The results obtained were compared with each
other. When compared to nature-inspired algorithms (AEO, AVOA, and GTO), non-nature-inspired
algorithms (GBO and RUN) reduced low-frequency oscillations faster by improving the damping of
electromechanical modes and providing a better convergence ratio and statistical performance.

Keywords: meta-heuristic algorithms; low-frequency oscillation; electromechanical modes; smart
damping controller; power system stabilizer

1. Introduction

The interconnection of synchronous machines in the power grid system makes the
power system complex. This complexity gives rise to electromechanical modes, reduces
low-frequency oscillation control within the synchronous machines, and affects the stability
of the power grid system. To improve the damping of the electromechanical modes, smart
damping controllers are designed and coupled to synchronous machines. A study [1]
conducted a thorough review of damping controller design. The authors pointed out that
one of the smart damping controllers is the power system stabilizer (PSS). However, for
optimal performance of the PSS, optimization techniques are adopted in its design [2].
Meta-heuristic algorithms which use deep and global search mechanisms to discover
optimal solutions are widely adopted in PSS design [3]. A comprehensive review of meta-
heuristic algorithms in [4] classified the algorithms. Therefore, this study experimentally
compares two broad groups of meta-heuristic algorithms (nature- and non-nature-inspired)
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by using algorithms from each group to design power system stabilizers for a multimachine
power system.

Dealing with the problem of low-frequency oscillation in a power system is essential
to maintaining a reliable, stable, and synchronized power system. The low-frequency oscil-
lation occurs in the synchronous machines of the power system and can lead to damage
and huge economic impact if not dealt with [5]. Therefore, damping low-frequency oscilla-
tions is important to enhance power transfer capability and stability in the power system.
Stability here involves small signal analysis due to low-frequency oscillations [6]. A power
system stabilizer (PSS) damping controller is used to damp low-frequency oscillations. PSS
is a compensator for the lag error between the generator exciter and electrical torque as it
produces extra (compensating) torque on the rotor [7–9].

The power system is non-linear; this non-linearity results in sudden oscillations
over a wide operating range [10]. Sudden oscillations make conventional PSS with fixed
parameters ineffective for the power system’s best damping efficiency [11,12]. The PSS
design concept is based on linear control theory; hence, the power system is linearized
around a designated operating point.

Over the years, various PSS design techniques have emerged, and they include self-
tuning regulators [13,14], feedback control loops [15], and pole placement methods [16–18].
These methods, however, suffer from low intensive efficiency in computing solutions and
require a long time to process information [19,20].

Metaheuristic algorithm techniques in PSS design have emerged recently. Several
metaheuristic algorithms have been proposed for PSS design in a multi-machine power
system, including the farmland fertility algorithm in [21,22], the kidney-inspired algorithm
in [23], particle swarm optimization in [24,25], improved particle swarm optimization
in [26,27], bacterial foraging in [28], an improved salp swarm algorithm in [29], evolutionary
programming in [30], an improved Harris Hawk algorithm in [31], chaotic teaching-learning
in [32], firefly algorithm in [33], cuckoo search algorithm in [34,35], new chaotic sunflower
optimization in [36], whale and improved whale optimization in [37,38], gray wolf and
sine-cosine were combined in [39], and ant-lion algorithm in [40]. The important advantage
of metaheuristic algorithms is that their search engine simulates two important steps:
exploration and exploitation. The former is concerned with locating new positions in
search spaces that are distinct from the current positions in the entire search space. The
former entails searching for optimally close positions. Simulating exploration only may
result in new positions with low precision. On the contrary, deploying exploitation only
enhances the rate of getting stuck in the local optimum positions. Hence, many new
metaheuristic algorithms tend to balance the exploration and exploitation processes in their
search algorithms. Metaheuristic algorithms are being developed and proposed for PSS
optimization problems because of the no-free-launch theorem, which expresses that no
algorithm is best for all optimization problems [1]. This study performs a comparative
study of five metaheuristic algorithms: GBO and RUN, which are based on mathematical
concepts, and AVOA, AEO, and GTO, which are nature-inspired for optimal PSS design
in a multi-machine power system considering different operating conditions; the whole
procedure is graphically represented in Figure 1. The aim is to propose the best-performing
algorithms from this study.

The rest of the paper is arranged as follows: Section 2 briefly explains the mathematical
modeling of the five algorithms, Section 3 describes the power system test model and PSS
design, Section 4 presents the results and discussions from the analysis, and Section 5
concludes the paper.
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Figure 1. Flow chart of the overall procedure for PSS design. 
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2. Metaheuristic Algorithms
2.1. Artificial Eco-System (AEO)

The artificial ecosystem is a nature-inspired novel metaheuristic algorithm developed
by [41]. The algorithm imitates the flow of energy between the three unique components
in an ecosystem and their behavioral process, which are the producer (production), the
consumer (consumption), and the decomposer (decomposition). The interaction between
these three components makes up an ecosystem food chain, which describes the feeding
process in an ecosystem and shows the flow of energy in an ecosystem. Only one producer
and one decomposer exist as individuals in the ecosystem’s population. The rest of the
population, representing the search space, are consumers chosen as carnivores, herbivores,
or omnivores with the same probability. The defined objective function indicates an
individual with a higher energy level for a minimization problem.

2.1.1. Production Process

The production process allows AEO to randomly produce a new search entity. The
newly created search entity replaces the previous “best entity” (solution) (xn). This dis-
placement is between the best entity and a new search entity randomly produced in the
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search space (xrand). An operator known as a production operator is used to mathematically
describe this behavior as shown in Equations (1)–(3):

x1(t + 1) = (1− a)xn(t) + axrand(t) (1)

a = (1− t
maxit

)r1 (2)

xrand = r× (Vmax
PSS −Vmin

PSS ) + Vmin
PSS (3)

where the population size is represented by n, a is the weight coefficient, t is the current
iteration, the maximum number of iterations performed or stop criteria is given as maxit,
Vmax

PSS and Vmin
PSS are the upper PSS and lower PSS limits, respectively, and r1 is a value

randomly generated in the range of [0, 1].r is a vector produced randomly within the range
of [0, 1]. xrand is an individual position generated randomly in the search space.

2.1.2. Consumption Process

After the production process, consumption takes place among the consumers. Each
consumer wishing to obtain food energy may either feed on another consumer randomly
chosen with a lower energy level, a producer, or both. A consumption factor c, with
levy flight characteristics, is proposed and defined in Equations (4) and (5) as a simple
parameter-free random walk.

C =
1
2

v1

|v2|
(4)

v1 ∈ N (0, 1), v2 ∈ N(0, 1) (5)

v1 and v2 are the levy flight distributions where the normal distribution is given as
N(0, 1) with a standard deviation of 1 and mean of 0.

The consumption factor is crucial because it assists each consumer in hunting for
food. The three consumers, carnivores, herbivores, and omnivores, adopt unique consump-
tion strategies.

If herbivore is randomly selected as a consumer, they can only eat the producer. Its
behavior is represented in a mathematical model as shown in Equation (6).

xi(t + 1) = xi(t) + C× (xi(t)− x1(t)), i ∈ [2, . . . , n] (6)

However, if a randomly chosen consumer is an omnivore, it can only eat a randomly
chosen consumer with more energy. This can be shown mathematically in Equations (7)
and (8):

xi(t + 1) = xi(t) + C× (xi(t)− xj(t)), i ∈ [3, . . . , n] (7)

j = randi([2i− 1]) (8)

Moreover, if an omnivore is randomly selected as a consumer, it can eat a random
consumer with a higher energy level and a producer as well. It is mathematically modeled
in Equations (9) and (10):

xi(t + 1) = xi(t) + C× (r2 × (xi(t)− x1(t)) + (1− r2)(xi(t)− xj(t)), i = 3, . . . , n (9)

j = randi([2i− 1]) (10)

where r2 is a number generated randomly in the range of [0, 1].

2.1.3. Decomposition Process

The decomposition process is essential because it provides the producer with the
required nutrients for growth. The decomposer chemically breaks down the remains of
each individual in the population after death. Its behavior is mathematically modeled
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as a decomposition factor D with weighting coefficients e and h in Equations (11)–(14)
as follows:

xi(t + 1) = xn(t) + D× (e× xn(t)− h.xi(t)), i = 1, . . . , n (11)

D = 3u, u ∈ N(0, 1). (12)

e = r3 × randi([1, 2])− 1 (13)

h = 2× r3 − 1 (14)

2.2. African Vulture Optimization Algorithm (AVOA)

The AVOA is like most metaheuristic algorithms that mimic the biological principles of
living things. The AVOA is based on the theories and principles of Old World African vul-
tures described in [42], with habitats in Africa, Europe, and Asia. The AVOA optimization
steps are grouped into four and are presented as follows:

Step One: (Population Initialization) To determine the population where the best vul-
ture is located, the population size is initiated, and the fitness of all members is calculated,
the best solution is chosen as the best vulture of the first group; likewise, the second-best
solution is the best vulture in the second group; concurrently, other solutions follow from
Equation (15)

R(i) =
{

BestVulture1 i f Pi = L1
BestVulture2 i f Pi = L2

(15)

where L1 and L2 are measured parameters before the search operation. They are within
the range [0, 1] and the sum of the two parameters is 1. Roulette wheel selection is used
for the probability of choosing the best solution from each group and is expressed in
Equation (16) as

Pi =
Fi

∑n
i=1 Fi

(16)

where F denotes the satisfaction rate and Pi is the best solution for each group. If an
α¯numeric parameter is near 1 and the β¯numeric parameter is near 0, it increases intensifi-
cation, while if the β¯numeric parameter is near 1 and the α¯numeric parameter is near 0, it
increases AVOA diversity.

Step Two: (Vulture starvation rate) The starvation rate of vultures determines the
distance vultures travel in search of food (search space) Equation (17) explains this behavior.

t = h× (sinW(
π

2
× iterationi

maxiterations
) + cos(

π

2
× iterationi

maxiterations
)) (17)

F = (2× randi + 1)× z× (1− iterationi
maxiterations

) + 1 (18)

where F denotes satisfaction rate, maxiterations represents the total number of iterations
initiated, iterationi indicates the current iteration number, z is a randomly generated
number between [−2, 2], randi value is [0, 1]; a value below 0 for z means the vulture is
starving, while a value above or equal to 0 means the vulture is satisfied.

Step Three: (Exploration) Vultures in the AVOA experience difficulty finding food;
hence, they explore their habitat for a long time and travel far and wide in search of food.
Two strategies are adopted in this search process and a parameter P1 is used to decide on
each strategy to be chosen. This parameter is set before the optimization operation and is
within the range of [0, 1].

In choosing a strategy in the exploration phase, a random number randP1 is generated
if randP1 ≥ P1 Equation (22) is used; otherwise, Equation (21) is adopted. In this scenario,
each vulture randomly searches the environment for food. This behavior is modeled in
Equation (19)

P(i + 1) =
{

Equation(22) i f P1 ≥ randP1
Equation(21) i f P1 < randP1

(19)
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P(i + 1) = R(i)− F + rand2 × ((ub− lb)× rand3 + lb) (20)

P(i + 1) = R(i)− D(i)× F (21)

D(i) = |X|+ R(i)− P(i) (22)

In Equation (21), vultures initiate a random search for food in their immediate envi-
ronment. The distance of the search is randomly selected for one of the best vultures of
the two groups. The vulture position vector in the next iteration is expressed as P(i + 1),
and the satisfaction rate of the vulture is F computed using Equation (18) in the present
iteration. R(i) in Equation (21) is one of the best vultures chosen via Equation (15). rand2 is
a random number within the range [0, 1]. and is used to ensure a random high coefficient
at the environmental search scale; thus, increasing the variety of search space areas. D(i)
Equation (22) denotes the distance between the vulture and a present optimal one. X is
a randomly generated value within range [0, 2]. ub and lb denote the upper and lower
boundary limits.

Step Four: (Exploitation) This stage is further divided into two parts.
Stage one: Stage one explores the efficiency of the AVOA. The AVOA initiates the

exploitation process if F < 1. P2 is a parameter within the range [0, 1] and is adopted
to decide on the strategy to be selected. A strategy called siege-fight is gently applied if
the value randP2 ≥ P2; otherwise, a strategy known as rotational flying is adopted. This
behavior is modeled in Equation (23).

P(i + 1) =
{

Equation(25) i f P2 ≥ randP2
Equation(26) i f P2 < randP2

(23)

P(i + 1) = D(i)× (F + rand4)− d(t) (24)

P(i + 1) = R(i)− (S1 + S2) (25)

d(i) = R(i)− P(i) (26)

rand4 is a generated random value in the range [0, 1] and d(t) is the distance between
one best vulture from one group to the other best vultures in the other group calculated
using Equation (26).

S1 and S2 are computed using Equations (27) and (28) as expressed below.

S1 = R(i)× (
rand5 × P(i)

2π
)× cos (P(i)) (27)

S2 = R(i)× (
rand6 × P(i)

2π
)× sin (P(i)) (28)

rand5 and rand6 in Equations (27) and (28) are made up of random numbers between
[0, 1].

Stage two: Stage two of the AVOA is employed if F < 0.5. At the start, rand3 is
produced in the range [0, 1]. If parameter P3 ≥ rand3, a strategy known as “competition
for food” is initiated which attracts various vultures to the food source. The position of
vultures is updated via Equation (29).

P(i + 1) =
A1 + A2

2
(29)

Equations (30) and (31) compute A1, A2 as explained below.

A1 = BestVulture1(i)−
BestVulture1(i)× P(i)

BestVulture1(i)− (P(i))2 × F (30)

A2 = BestVulture1(i)−
BestVulture2(i)× P(i)

BestVulture2(i)− (P(i))2 × F (31)
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In the second stage of AVOA exploitation, vultures gather toward the best vulture to
feast on leftover food. As a result, the vulture’s position is updated using Equation (32).

P(i + 1) = R(i)− d(t)× F× levy(d) (32)

where d is the problem’s dimension; the “levy flight” phenomenon enhances AVOA effi-
ciency and is described as

LF(x) = 0.001× u× σ

|v|
1
P

(33)

σ = (
Γ(1 + β)× sin (πβ

2 )

Γ(1 + β2)× β× 2× ( β−1
2 )

)

1
P

(34)

β = 1.5 (Constant value) while v and u are randomly generated numbers within a
range of [0, 1].

For more details about the AVOA, see [42].

2.3. Gorilla Troop Optimization (GTO)

A new metaheuristic algorithm inspired by the gorilla’s pack behavior and developed
by [43] is mathematically modeled to explain the two important phases in optimization
(exploration and exploitation). GTO algorithm uses five different operators in exploration
and exploitation for optimization problems.

Exploitation: Follow the silverback; competition for adult females
Exploration: Migrate to unknown places, migrate around known places, and move to

other gorilla groups.

2.3.1. Exploration Process

The process applied to the exploration phase is explained here. Gorillas live in groups
under the leadership and dominance of the silverback; however, there are times when
gorillas move away from their group. This movement can occur in three ways, each repre-
sented by a parameter P with the range [0, 1], gorillas can move to unknown places (i.e.,
rand < P), to known places (i.e., rand ≥ 0.5), and to other gorilla groups (i.e., rand ≥ 0.5).
The first movement type provides a possibility for the algorithm to survey the entire search
space well, the second movement type improves the algorithm’s exploration performance,
and the third movement type enhances the algorithm’s ability to escape the local optima
trap. Equation (35) models this behavior.

GX(t + 1) =


(UB− LB)× r1 + LB rand < P
(r2 − C)× Xr(t) + L× H rand ≥ 0.5
X(i)− L(L× (X(t)− GXr(t)) + r3 × (X(t)− GXr(t))) rand < 0.5

(35)

GX(t + 1) is the candidate position vector of a gorilla in the next iteration t. X(t)
is the present vector of the position of the gorilla. r1, r2, r3, and rand are random values
within range [0, 1] updated in each iteration. UB and LB denote the upper and lower
limit boundaries of variables. Xr is one member of the gorillas in a group that is randomly
selected from the entire population and GXr is one of the vectors of the gorilla’s positions
of the randomly selected candidate’ it also includes the updated positions in each phase. c,
H, and L are computed using Equations (36)–(38).

C = F× (1− It
maxIt

) (36)

F = Cos(2× r4) + 1 (37)

L = C× l (38)
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It in Equation (36) represents the iteration current value, maxIt is the total number of
iterations performed, Cos in Equation (37) denotes the cosine function, and r4 is random
values within range [0, 1] updated in each iteration. l in Equation (38) is a random value
in the range [−1, 1]. The silverback dominance is modeled using Equation (38). From
Equation (35), H is computed using Equation (39), while Z is computed in Equation (40).

H = Z× X(t) (39)

Z = [−C, C] (40)

where Z is a random value in the dimensions of the problem within the range [−C, C]

2.3.2. Exploitation Process

The two behaviors applied here are following the silverback and competition for
adult females. The silverback dominates the group, makes decisions for the group, directs
gorillas to food sources, and determines their movements. Silverbacks may get old and
die eventually, thus letting blackbacks (the young male gorillas) become the leader, or the
other male gorillas may fight the silverback and dominate the group. Each of the behaviors
in the exploitation phase, as already mentioned, can be selected using C in Equation (36);
if C ≥ W, the following silverback behavior is selected, while if C < W, competition for
adult females is selected. W is a value to be set before optimization.

Equation (41) simulates following the silverback.

GX(t + 1) = L×M× (X(t)− Xsilverback) + X(t) (41)

where Xsilverback is the position vector of the silverback gorilla, X(t) is the position vector of
the gorilla, L is computed using Equation (38) and M is computed using Equation (42):

M = (

∣∣∣∣∣ 1
N

N

∑
i=1

GXi(t)

∣∣∣∣∣
g

)

1/g

(42)

g = 2L (43)

where GXi(t) indicates each candidate gorilla’s vector position in iteration t, N is the total
gorilla numbers, g is estimated via Equation (43), and L in Equation (43) is computed using
Equation (38):

Q = 2× r5 − 1 (44)

A = β× E (45)

where r5 is a random value within [0, 1] range, A in Equation (45) is a coefficient vector
that determines the degree of violence in conflicts, β is a parameter that is set before
optimization operation, and E in Equation (45) is a parameter set while being used to model
the effect of violence on the dimensions of the solution. If rand ≥ 0.5, E′s value of E is equal
to random values in a normal distribution with problems dimensions, while if rand < 0.5,
E will be equal to a random value in a normal distribution. For more details about GTO
see [43].

2.4. Gradient-Based Optimization (GBO)

A search engine based on newton’s method and developed by [44] employs a set of
vectors to search the solution space, which involves two operators: the gradient search
rule (GSR) and the local escaping operator (LEO). These two operators help balance the
exploitation and exploration process.
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2.4.1. Initialization

In GBO, the following vector N in dimensional space D describes the population and
iteration numbers as shown in Equation (46).

Xn = Xmin + rand(0, 1)× (Xmax − Xmin) (46)

Xmin and Xmax are the boundary limits of X variables and rand is a randomly gener-
ated number within range [0, 1].

2.4.2. GSR Process

An important factor ρ is adopted in balancing the exploration of important regions in
search space while maintaining near global and optimal points. The factor ρ is based on
the sine function and expressed as follows:

ρ1 = 2× rand× α− α (47)

α =

∣∣∣∣β× sin (
3π

2
) + sin (β× 3π

2
)

∣∣∣∣ (48)

β = βmin + (βmax − βmin)× (1− (
m
M

)
3
)

2
(49)

βmax and βmin are constant values of 0.2 and 1.2, respectively, the current iteration is
denoted by m, M is the maximum number of iterations, and the ρ value changes during
iterations of optimization. Starting with a large value to ensure wide variety, the ρ value
increases through defined iterations within an assigned range. Thus, increasing GBO
solution diversity and providing multiple solution exploration to the problem for the
algorithm. GSR is expressed as

GSR = randn× ρ1 ×
2∆x× xn

xworst − xbest + ε
(50)

GBO uses a behavior that is random to create an exploration method. This includes
finding local optima. From Equation (50), the random offset is specified as it deals with
the difference between a randomly chosen solution xm

r1 and the best solution xbest. ∆x
variable’s meaning is changed during iterations following Equation (53) below. randn is an
additional random number for exploration as shown below:

∆x = rand(1 : N)× |step| (51)

step =
(xbest − xm

r1) + δ

2
(52)

δ = 2× rand× (

∣∣∣∣ xm
r1 + xm

r2 + xm
r3 + xm

r4
4

− xm
n

∣∣∣∣) (53)

rand(1 : N) denotes random vector N elements in range within [0, 1], the integers
r1, r2, r3, and r4 are randomly chosen in a way that (r1 6= r2 6= r3 6= r4 6= n) Equation (52)
expresses a step-in phase scale computed by xbest and xm

r1.
For convergence, movement with direction is adopted to enable convergence across

the solution field xn. To provide a convenient local search ability with an effect on GBO
convergence, a property DM uses its best vector from a population of vector candidates
and sends the present vector xn in the best vector xbest − xn direction and is calculated
as follows:

DM = rand× ρ2 × (xbest − xn) (54)
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rand is a uniformly generated number within range [0, 1] and ρ2 is a random value
adopted to address the size phase in each vector; ρ2 also is considered an important
parameter and is calculated as

ρ2 = 2× rand× α− α (55)

GSR and DM using Equations (56) and (57) shown below are improved based on the
present vector position xm

n .
X1m

n = xm
n − GSR + DM (56)

X1m
n is an improved vector as a result of improved X1m

n . From Equations (34) and (39),
X1m

n transformation is expressed as

X1m
n = xm

n − randn× ρ1 ×
2∆x× xm

n
ypm

n − yqm
n + ε

+ randn× ρ2 × (xbest − xm
n ) (57)

ypm
n = yn + ∆x, yqm

n = yn − ∆x, yn = average of two vectors which are the present so-
lution xn and zn + 1 . For more details about GBO see [44], Figure 2 shows the optimization
process of GBO.
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2.5. Runge Kutta Optimization (RUN)

The RUN algorithm concept is from the Runge-Kutta method of solving ordinary
differential equations in the numeric form developed by [45]. This algorithm has two
stages; the first stage procedure is based on the Runge-Kutta theory, while the second stage
is known as enhanced solution quality (ESQ). The RUN algorithm is explained as follows:

Solution Updating: RUN optimization adopts a search mechanism (SM) from the
Runge-Kutta concept in updating the present solution position of each iteration; this is
scripted in stage one below.

Stage One: Search mechanism for updating the present solution position in RUN.
Step 1: If rand < 0.5 then
Exploration process;

xn+1 = (Xc + r× SF× g× xc) + SF× SM + µ× (randn× (xm − xc)) (58)

Else
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Exploration process;

xn+1 = (Xm + r× SF× g× xm) + SF× SM + µ× (randn× (xr1 − xr2)) (59)

End if.
r represents an integer number within range [−1, 1] and this parameter helps in

enhancing RUN diversity. g is a randomly generated value within the range [0, 2], as is
parameter µ. SM is computed as in the study [30]. SF is an adaptive factor computed as

SF = 2× (0.5− rand)× f (60)

F = α× exp (−b× rand× (
i

maxit
)) (61)

maxit is the maximum number of iterations and the parameters xm and xc are com-
puted as

xc = ∅× xn + (1−∅)× xr1 (62)

xm = ∅× xbest + (1−∅)× xcbest (63)

∅ is a randomly generated number within range [0, 1]; xbest is the best solution found.
xcbest is the position of the best solution found after each iteration.

Stage two: Enhanced solution quality (ESQ).
This process is adopted to increase solution quality and evade local optimal trapping

during iterations. The process is scripted below:
Step 2: ESQ adoption in RUN to compute solution xnew2.
If rand < 0.5 then
If w < 1, then

xnew2 = xnew1 + r× w×
∣∣(xnew1 − xarg) + randn

∣∣ (64)

Else
xnew2 = (xnew1 − xavg) + r× w×

∣∣(u.xnew1 − xavg) + randn
∣∣ (65)

End if
End if.
From Step 2, w, xavg and xnew new values are calculated via the below equations:

w = rand(0, 2). exp (−c(
i

maxit
)) (66)

xavg =
xr1 + xr2 + xr3

3
(67)

xnew1 = β× xavg + (1− β)× xbest (68)

β is a randomly generated number within range [0, 1], c = 5× rand, the parameter
rand is random, and r is an integer number with values−1, 0, or 1. xbest is the best solution
found. The calculated solution xnew2 does not in each case have better fitness than the best
solution. Thus, the RUN algorithm further computes xnew3 to improve fitness via Step 3.

Step 3: Improving the new solution xnew3.
If rand < w, then

xnew3 = (xnew2 − randxnew2) + SF× (randxRk + (v.xb − xnew2)) (69)

End If.
v is a random number which is 2 rand. Figure 3 shows the Runge-Kutta optimization

process. For more details about RUN, see [45].
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3. Problem Formulation
3.1. Power System Model

The power system dynamic model is described using differential algebraic equations
(DAEs) in [46] and is used to represent a power system with m-number of synchronous
machines and the voltage regulator called automatic voltage regulator (AVR). The DAEs
are as described in Equations (70)–(74):

T′d0i

dE′qi

dt
= −E′qi − (Xdi − X′di)Idi + E f di (70)

T′q0i
dE′di
dt

= −E′di − (Xqi − X′qi) (71)

dδi
dt

= ωi −ωs (72)

2Hi
ωs

dωi
dt

= TMi − E′di Idi − E′qi Iqi − (Xdi − X′di)Idi Iqi −Di(ωi −ωs) (73)

TAi
dE f di

dt
= −KAiE f di + KAi(Vre f i −Vi) (74)

where in Equations (70)–(74), subscript i denotes ith synchronous generator, T′d0 and T′q0
are the d-axis and q-axis open-circuit time constants, E′d and E′q are the transient EMF
of the d-axis and q-axis due to flux linkage in the damper coils, E f d the excitation field
voltage, Xd and Xq are the synchronous transient and sub-transient of d-axis and q-axis
reactances, δ is the rotor angle of the generator, ω is the generator rotor speed, ωs generator
synchronous speed, H is the generator inertia constant, D is the damping coefficient, TM
is the mechanical torque or power output, Id and Iq are stator current d-axis and q-axis
components, Vre f is the reference excitation voltage, V is the terminal voltage of the
generator, KA is excitation static gain, TA is the regulator time constant, TE is the electrical
torque, Vd and Vq are generator terminal voltage of the d-axis and q-axis components, and
Rs is the armature resistance.

TMi, the input mechanical torque, is kept constant in designing the excitation controller,
i.e., to not significantly affect machine dynamics, the generator action is assumed to be
slow. Electrical torque is substituted in Equation (73) as follows:

TEi = E′di Idi + E′di Idi + (X′qi − X′di)Idi Iqi (75)
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A power grid system of n number of buses and m number of generators, with load
buses m-n described using algebraic equations as follows from Equations (76)–(78):

0 = Viejθi + (Rsi + jX′di)(Idi + jIqi)ej(δi− π
2 ) −

[
E′di + (X′qi − X′di)Iqi + jE′qi

]
ej(δi− π

2 )

i = 1, . . . , m
(76)

Viejθi(Idi + jIqi) + PLi(Vi) + jQLi(Vi) =
n

∑
k=1

ViVkYikej(θi−θk−αik), i = 1, . . . , m (77)

PLi(Vi) + jQLi(Vi) =
n

∑
k=1

ViVkYikej(θi−θk−αik), i = m + 1, . . . , n (78)

The load active power and reactive power are represented by PL and QL, respectively.
Yejα denotes the power system admittance matrix and θ is the bus voltage V angle. The
admittance matrix load element in power lines is reduced by the order reduction method,
as in Equation (79).

∆
.

x = Ax + Bu, (79)

The power system linear model is described using Equation (79), where x is the system
state vector variables, A the state space matrix of the system, B is the system input matrix,
and u is the system control input vector.

Gi(s) =
VPSSi(s)

∆wi(s)
= KGi

Tws
(1 + sTw)

(1 + sT1i)

(1 + sT2i)

(1 + sT3i)

(1 + sT4i)
(80)

3.2. PSS Design Procedure

For analysis, this study employs a conventional lead-lag PSS connected to an IEEE-
ST1-type excitation [18]. The ith system transfer function in Equation (80) describes the PSS
connection with the IEEE-ST1 excitation system.

Where the output signal of the PSS at the ith machine is VPSSi, Tw is the washout
time constant equal to 10 in this study, synchronous machine speed deviation signal is
∆wi. Optimal parameters of stabilizer gain Kpssi and parameters Ti1, Ti2, Ti3, and Ti4, are to
be determined.

An eigenvalue objective function is employed to enhance the damping characteristics
of electromechanical modes (EMs) of the system and shift the eigenvalues of the power sys-
tem to the left region of the complex s-plane. Stabilizer gain and parameters of the PSS are
determined through the defined eigenvalue objective function as follows in Equation (81):

Jeig = max{real(λi)|λi ε EMs}+ PC ∑
{

real(λj)
∣∣λj > 0

}
EMs =

{
λk

∣∣∣0 < im(λk)
2π < 5

} (81)

Eigenvalues of the power system state space matrix are denoted by λi, while PC is a
penalty constant applied in producing positive eigenvalues and can enhance slow eigenval-
ues [18]. In this study, PC is 50. Jeig, which is the objective function, is minimized subject to
PSS gain (Kpssi) and time constants (T1i, T2i, T3i, and T4i) constraints (0.001 ≤ Kpssi ≤ 50
and 0.001 ≤ T1i ≤ 1, 0.001 ≤ T3i ≤ 1, 0.001, and 0.02 ≤ T4i ≤ 1) [47].

4. Results and Discussion

The power test system adopted in this study is the Western System Coordinating
Council (WSCC), which is a three-machine, nine-bus test system, as seen in Figure 4 below.
The modeling parameters for the test system are shown in Table 1. The standard parameters
for the generators and loads can be seen in the Figure 4. PSSs are coupled to generators
(G2 and G3), with a washout time constant Tw = 10. The total number of parameters
optimized was 10 (i.e., five for each PSS). The five algorithms were run 15 times on the
model separately, and the parameter settings are shown in Table 2. The study is carried
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out under different operating conditions as shown in Table 3; a 100 MVA per unit scale
was used. The optimal PSS parameters obtained for generators (G2 and G3) under base
condition is shown in Table 4. Five dominant modes of the power test system are considered
as shown in Table 5. Then, eigenvalues and nonlinear time-domain analysis simulation
were run under a 100 ms symmetrical three-phase fault observed at t = 1 s for different
operating conditions.
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Table 1. Parameters of the WSCC test system.

Parameter Value

Transmission line

XT14 = 0.0576 pu, XT27 = 0.0625 pu, XT39 = 0.0586 pu,
XT45 = 0.085 pu, XT46 = 0.092 pu, XT57 = 0.161 pu,
XT69 = 0.17 pu, XT78 = 0.072 pu, XT89 = 0.1008 pu,

XL14 = 0 pu, XL27 = 0 pu, XL39 = 0 pu, XL45 = 0.176 pu,
XL46 = 0.158 pu, XL57 = 0.306 pu, XL69 = 0.358 pu,

XL78 = 0.149 pu, XL89 = 0.209 pu,

Machine

H1 = 23.63 s, H2 = 6.4 s, H3 = 3.01 s, D = 0.0, T′d01 = 8.96 s,
T′d02 = 6.0 s, T′d03 = 5.89 s, T′q01 = 0.31 s, T′q02 = 0.535 s,

T′q03 = 0.6 s, Xq1 = 0.0969, Xq2 = 0.8645,
Xq3,= 1.2578, Xd1 = 0.146, Xd2 = 0.8958, Xd3 = 1.3125,

X′q1 = 0.0969 s, X′q2 = 0.8645 s, X′q3 = 1.2578 s,
X′d1 = 0.0608 s, X′d2 = 0.1198 s, X′d3 = 0.1813 s

Xd = 0.8958, X′q = 0.1969 s, X′d = 0.1198 s

Exciter KA1 = 20.0, TA1 = 0.2 s, KA2 = 20.0, TA2 = 0.2 s, KA3 = 20.0,
TA3 = 0.2 s

Table 2. Parameter settings of the five algorithms in PSSs design.

Parameter Value

Population size 100
Number of variables 10(Kpss2, Kpss3, T21T22, T23, T24, T31, T32, T33, T34)
Maximum iteration 100

Lower bound [0.001, 0.001, 0.001, 0.02, 0.001, 0.02, 0.001, 0.02, 0.001, 0.02]
Upper bound [50, 50, 1, 1, 1, 1, 1, 1, 1, 1]

Number of runs 15
Simulation time 5 s
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Table 3. Operating conditions for the WSCC test system in 100 MVA per unit used for simulation.

Generator Base Condition Condition 1 Condition 2 Condition 3

P Q P Q P Q P Q
G1 0.72 0.27 2.21 1.09 0.36 0.16 0.33 1.12
G2 1.63 0.07 1.92 0.56 0.80 −0.11 2.00 0.57
G3 0.85 −0.11 1.28 0.36 0.45 −0.20 1.50 0.38

Load Base Condition Condition 1 Condition 2 Condition 3

P Q P Q P Q P Q
A 1.25 0.50 2.00 0.80 0.65 0.55 1.50 0.90
B 0.90 0.30 1.80 0.60 0.45 0.35 1.201 0.80
C 1.00 0.35 1.50 0.60 0.50 0.25 1.00 0.50

4.1. Base Condition

In the base operating condition from Table 3, the optimal PSS parameters obtained for
generators (G2 and G3) are shown in Table 4, where the optimized PSS parameters were
used to carry out a small signal stability analysis (SSA).

Table 4. Optimal PSS parameters.

Algorithm KPSS2 T21 T22 T23 T24

G2

AEO 6.2789 0.5222 0.0216 0.5813 0.0315
AVOA 6.0246 0.5609 0.0318 0.5622 0.0220
GTO 4.5150 0.6839 0.0309 0.6122 0.0263
RUN 3.5079 0.7349 0.0223 0.7106 0.0343
GBO 3.9795 0.8135 0.0257 0.4994 0.0242

Algorithm KPSS3 T31 T32 T33 T34

G3

AEO 6.1017 0.0018 0.1678 0.0012 0.2185
AVOA 4.8140 0.0197 0.3420 0.1815 0.2420
GTO 2.5359 0.0036 0.9930 0.9996 0.3233
RUN 2.5617 0.5713 0.0202 0.5842 0.0209
GBO 3.0922 0.8156 0.0329 0.6459 0.0287

With NO-PSS on the power system, the electromechanical modes 1 and 2 with weak
damping ratios are significantly changed after the optimization process, particularly for
RUN (−4.989± 15.024i,−3.834± 8.270i) and GBO (−4.875± 18.240i,−3.795± 7.660i)
algorithms as shown in Table 5. Moreover, the worst damping ratio of 0.0148 was enhanced
to 0.4203 for RUN and 0.4439 for GBO as shown in Table 6.

Table 5. Eigenvalue results for NO-PSS and the algorithms after optimization in base operating condition.

Modes NO-PSS AEO AVOA GTO RUN GBO

1 −0.686±12.776i −2.972±11.355i −2.847±11.384i −3.077±11.429i −4.989±15.024i −4.875±18.240i
2 −0.123±8.287i −3.121±11.312i −3.205±11.316i −3.062±11.407i −3.834±8.270i −3.795±7.660i
3 −2.379± 2.617i −2.955± 3.014i −2.844± 3.075i −3.094± 3.064i −3.837± 3.051i −3.888± 3.185i
4 −4.671± 1.375i −4.298± 2.033i −4.435± 1.977i −4.199± 2.222i −3.832± 2.190i −3.789± 2.202i
5 −3.5199± 1.016i −3.374± 2.052i −3.360± 1.554i −3.603± 1.670i −3.832± 2.090i −3.789± 2.131i

The system is restored to its original form after fault clearance, and generator rotor
speed and angle variations indicate the status of stability in the power system. Hence, rotor
speed deviations (ω2 − ω1, ω3 − ω1) and angle deviations of generators 2 and 3 with
respect to generator 1 (δ2− δ1, δ3− δ1) are shown graphically in Figure 5. The time domain
simulations and convergence curve results of Figure 5 show that RUN and GBO designed
PSSs, which are mathematically inspired, effectively damp oscillations compared to AEO,
AVOA, and GTO that are nature-inspired and hence the two algorithms are recommended



Energies 2023, 16, 2465 16 of 25

for robust optimal PSSs design. Table 7 indicates transient analysis from Figure 5 in terms of
rise time and settling time, which are key indicators of the performance of each algorithm.
Furthermore, the settling time which is the time it takes each algorithm applied in PSS’s
design to stabilize and control the low-frequency oscillation due to fault in the system has
been presented in a bar chart in Figure 6. Without a PSS controller, the system is unstable for
the period of simulation; hence, its settling time is not considered. For the five algorithms
compared, GBO and RUN show slight improvements from the bar charts for rotor speed
deviations (ω2 −ω1, ω3 −ω1) and angle deviations of generators 2 and 3 with respect to
generator 1 (δ2 − δ1, δ3 − δ1).

Table 6. Eigenvalue damping ratio and frequency.

Modes
NO-PSS AEO AVOA GTO RUN GBO

Damping
Ratio Frequency Damping

Ratio Frequency Damping
Ratio Frequency Damping

Ratio Frequency Damping
Ratio Frequency Damping

Ratio Frequency

1 0.0536 2.0333 0.2532 1.8072 0.2426 1.8118 0.2600 1.8190 0.3152 2.3911 0.2581 2.9037
2 0.0148 1.3189 0.2660 1.8003 0.2725 1.8010 0.2592 1.8155 0.4203 1.3170 0.4439 1.2192
3 0.6726 0.4165 0.7001 0.4796 0.6790 0.4894 0.7106 0.4876 0.7819 0.4869 0.7736 0.5069
4 0.9593 0.2188 0.9040 0.3235 0.9134 0.3147 0.8838 0.3537 0.8677 0.3494 0.8646 0.3504
5 0.9608 0.1616 0.8544 0.3266 0.9076 0.2473 0.9070 0.2662 0.8782 0.3322 0.8716 0.3392
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Table 7. Transient stability analysis of base condition time-domain simulations.

Algorithms
ω2−ω1 ω3−ω1

Rise Time (s) Settling Time (s) Rise Time (s) (×10−4) Settling Time (s)

AEO 0.00046 5.9066 1.1522 3.1463

AVOA 0.0046 3.2823 8.8800 2.8602

GTO 0.0035 2.9716 6.8550 2.8711

GBO 0.0022 2.3175 5.6230 2.0694

RUN 0.0024 2.0463 6.1301 2.4344

Algorithms
δ2−δ1 δ3−δ1

Rise Time (s) Settling Time (s) Rise time (s) (×10−4) Settling Time (s)

AEO 0.0016 4.4583 66.000 4.2811

AVOA 0.0154 3.2109 7.1930 3.9317

GTO 0.0149 3.1678 8.3940 3.8720

GBO 0.0135 2.8213 7.8607 3.9857

RUN 0.0132 2.8530 7.9990 3.9027
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4.2. Condition 1

To further verify the robustness of RUN and GBO-based PSSs, the operating conditions
were changed from Table 3. Figure 7 graphically indicates the generator rotor speed
deviations (ω2 −ω1, ω3 −ω1) and angle deviations of generators 2 and 3 with respect to
generator 1, as well as the convergence curve results (δ2 − δ1, δ3 − δ1). Table 8 indicates
transient analysis from Figure 7 in terms of rise time and settling time, which are key
indicators of the performance of each algorithm. Furthermore, the settling time, which
is the time it takes each algorithm applied in PSS’s design to stabilize and control the
low-frequency oscillation due to fault in the system, has been presented in a bar chart in
Figure 8. Without a PSS controller, the system is unstable for the period of simulation; hence,
its settling time is not considered. For the five algorithms compared, GBO and RUN show
slight improvements from the bar charts for rotor speed deviations (ω2 − ω1, ω3 − ω1)
and angle deviations of generators 2 and 3 with respect to generator 1 (δ2 − δ1, δ3 − δ1).
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Table 8. Transient stability analysis of condition 1-time domain simulations.

Algorithms
ω2−ω1 ω3−ω1

Rise Time (s) Settling Time (s) Rise Time (s) Settling Time (s)

AEO 0.0037 2.9400 0.0016 2.9637

AVOA 0.0012 3.2454 0.00058 3.0309

GTO 0.0046 2.9307 0.0020 2.8008

GBO 0.0040 2.7993 0.0018 2.0736

RUN 0.0041 2.6255 0.0018 2.4559

Algorithms
δ2−δ1 δ3−δ1

Rise Time (s) Settling Time (s) Rise Time (s)(×10−4) Settling Time (s)

AEO 0.000008 3.0845 0.0150 3.2810

AVOA 0.0134 3.1465 1.2119 3.2913

GTO 0.0015 3.0561 1.1691 3.2376

GBO 0.0024 2.6180 2.8990 3.1512

RUN 0.0052 2.3847 1.8165 3.3010
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4.3. Condition 2

The operating conditions were again changed from Table 3. Figure 9 graphically
indicates the generator rotor speed (ω2 −ω1, ω3 −ω1) and angle deviations of generators
2 and 3 with respect to generator 1, as well as the convergence curve results (δ2− δ1, δ3− δ1).
Table 9 indicates transient analysis from Figure 9 in terms of rise time and settling time,
which are key indicators of the performance of each algorithm. Furthermore, the settling
time, which is the time it takes each algorithm applied in PSS’s design to stabilize and
control low-frequency oscillation due to faults in the system, has been presented in a
bar chart in Figure 10. Without a PSS controller, the system is unstable for the period of
simulation; hence, its settling time is not considered. Of the five algorithms compared,
GBO and RUN show slight improvements from the bar charts for rotor speed deviations
(ω2 −ω1, ω3 −ω1) and angle deviations of generators 2 and 3 with respect to generator 1
(δ2 − δ1, δ3 − δ1).

Table 9. Transient stability analysis of condition 2-time domain simulations.

Algorithms
ω2−ω1 ω3−ω1

Rise Time (s) Settling Time (s) Rise Time (s) Settling Time (s)

AEO 0.0060 7.0577 0.0011 2.4576

AVOA 0.0121 3.4334 0.0020 2.8849

GTO 0.0075 3.9204 0.0015 2.4299

GBO 0.0106 2.9077 0.0020 2.5460

RUN 0.0101 2.9543 0.0101 2.9543

Algorithms
δ2−δ1 δ3−δ1

Rise Time (s) Settling Time (s) Rise Time (s) Settling Time (s)

AEO 0.0028 4.3070 0.01110 4.2811

AVOA 0.0226 3.2913 0.00056 3.9317

GTO 0.0031 3.0178 0.01590 3.8720

GBO 0.0161 2.8095 0.00050 3.9857

RUN 0.0159 2.8299 0.00016 3.9027
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4.4. Condition 3

Condition 3 operating conditions are in Table 3. Figure 11 graphically indicates the
generator rotor speed (ω2 − ω1, ω3 − ω1) and angle deviations of generators 2 and 3
with respect to generator 1, as well as the convergence curve results (δ2 − δ1, δ3 − δ1).
Table 10 indicates transient analysis from Figure 11 in terms of rise time and settling time,
which are key indicators of the performance of each algorithm. Furthermore, the settling
time, which is the time it takes each algorithm applied in PSS’s design to stabilize and
control the low-frequency oscillation due to fault in the system, has been presented in a
bar chart in Figure 12. Without a PSS controller, the system is unstable for the period of
simulation; hence, its settling time is not considered. Of the five algorithms compared,
GBO and RUN show slight improvements from the bar charts for rotor speed deviations
(ω2 −ω1, ω3 −ω1) and angle deviations of generators 2 and 3 with respect to generator 1
(δ2 − δ1, δ3 − δ1).
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Table 10. Transient stability analysis of condition 3-time domain simulations.

Algorithms
ω2−ω1 ω3−ω1

Rise Time (s) (×10−4) Settling Time (s) Rise Time (s) (×10−4) Settling Time (s)

AEO 9.3990 2.9255 4.1200 2.3288

AVOA 4.5786 3.5638 1.8760 2.6453

GTO 10.000 2.9287 4.2604 2.3503

GBO 43.000 2.7442 16.000 2.3487

RUN 12.000 2.8934 4.8472 2.3544

Algorithms
δ2−δ1 δ3−δ1

Rise Time (s) Settling Time (s) Rise Time (s) Settling Time (s)

AEO 0.0113 3.1938 0.0026 3.5620

AVOA 0.0092 3.3975 0.0104 3.4283

GTO 0.0104 3.2286 0.0056 3.5465

GBO 0.0094 2.8456 0.00019 3.4575

RUN 0.0103 3.1076 0.0048 3.4732Energies 2023, 16, x FOR PEER REVIEW 23 of 25 
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5. Conclusions

This study compared five meta-heuristic optimization algorithms for PSSs design
to damp low-frequency oscillation in a multi-machine power system. Three of the five
algorithms are nature-inspired (AEO, AVOA, and GTO) while the remaining two are
based on mathematical concepts (RUN and GBO). An eigenvalue objective function was
defined to achieve this aim. Eigenvalue analysis and time domain simulations were
carried out under three operating conditions in the multi-machine system. In the base
condition, the optimized PSS parameters used for small signal stability analysis improved
the damping ratio of the system with NO-PSS controller from 0.0148 (1.48%) to 0.2660
(26.6%) for AEO-PSS, 0.2725 (27.25%) for AVOA-PSS, 0.2592 (25.92%) for GTO-PSS, 0.4203
(42.03%) for RUN-PSS, and 0.4439 (44.39%) for GBO-PSS. Furthermore, in the time domain
simulation of the different conditions (base, condition 1, 2, and 3) run for 5 s, GBO and
RUN provided slight overall improvement in settling time for the generator rotor speed
deviations (ω2 −ω1, ω3 −ω1) and angle deviations (δ3 − δ1, δ3 − δ1) of generators 2 and
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3 with respect to generator 1. This improvement is evident in the bar graphs plot for the
settling time values. The power test model used in this study was the Western System
Coordinating Council power test system, which is a standard IEEE test system. It is safe to
say and thus recommended that this research can be applied to a larger test system (for
example, the 10-machine New England test system) and it should give the same results.
Conclusively, RUN and GBO outperformed AEO, AVOA, and GTO in optimally designing
lead-lag PSSs for the multi-machine power system and hence strengthens the claim made
by [30] in the run beyond metaphor that most metaphor-based nature-inspired algorithms
in AEO, AVOA, and GTO that imitate search patterns in animals might have limitations in
an optimization problem.
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