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Abstract  
This study proposes a Multi Band Power System Stabilizer (MB-PSS) 
optimized with the Hippopotamus Optimization Algorithm (HOA) to 
enhance dynamic stability in the Southern Sulawesi (Sulbagsel) 
electricity system integrated with wind power plants (WPPs). Unlike 
previous works applying HOA to distribution networks or photovoltaic 
optimization, this study addresses a key gap: the absence of HOA 
based stabilizer optimization in large scale multi machine systems, 
particularly in Sulbagsel. The novelty lies in positioning HOA as an 
alternative swarm intelligence method suited to the nonlinear 
characteristics of MB-PSS tuning. While the claim of being the first 
HOA application in Sulbagsel requires stronger justification, this 
study extends its relevance by bridging overlaps in related domains. 
Damping analysis and time domain simulations are conducted to 
benchmark HOA against Grey Wolf Optimization (GWO) and Whale 
Optimization Algorithm (WOA). Results show that HOA achieves 
superior performance: overshoot in generator speed deviation 
decreases to 0.009923 to 0.002359 p.u., settling time reduces from 
16s without stabilizer to 9.58s, and the maximum damping ratio 
increases to 0.7185. These outcomes confirm HOA’s capability to 
improve oscillation damping, though additional reporting of frequency 
responses and voltage stability metrics would strengthen the 
empirical contribution. Theoretically, this study highlights HOA’s 
balance between exploration and exploitation, making it suitable for 
multimodal cost functions in stabilizer tuning. However, broader 
theoretical implications, such as HOA’s advancement of stability 
theory beyond empirical results, remain underexplored. Future 
research should address this dimension to consolidate HOA’s role in 
advanced power system stability studies. 
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INTRODUCTION 
Electric power systems integrated with wind 

power plants (WPPs) face notable stability 
challenges due to the intermittent and 
unpredictable nature of wind energy [1]. Rapid 
wind speed fluctuations cause variations in active 
and reactive power, leading to voltage and 
frequency instability. Moreover, converter-based 

technologies in WPPs contribute minimal system 
inertia, increasing vulnerability to frequency 
disturbances [2]. A lack of damping for 
electromechanical oscillations further complicates 
stability, particularly in systems with high 
distributed generation [3]. Limited reactive power 
control can also exacerbate voltage issues during 
disturbances. Additionally, protection and control 
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systems are often not fully adapted to the unique 
characteristics of WPPs. Addressing these 
challenges requires advanced stabilizers and 
adaptive control strategies to ensure reliable 
system operation.  

The power system stabilizer (PSS) plays a 
critical role in enhancing the stability of power 
systems integrated with WPPs [4][5]. Converter-
based integration of WPPs significantly reduces 
system inertia, increasing vulnerability to dynamic 
disturbances such as low-frequency oscillations. 
PSS injects supplementary signals into the 
generator excitation system to improve the 
damping of electromechanical oscillations [6][7]. 
In WPP contexts, especially with multi-band PSS 
(MB-PSS), it effectively mitigates both local and 
inter-area oscillations caused by wind variability 
[8][9]. Moreover, PSS supports rotor angle and 
frequency stability during disturbances. When 
properly implemented and coordinated, PSS 
significantly enhances the overall stability and 
reliability of WPP-integrated systems, contributing 
to a more resilient, sustainable, and high-quality 
power supply. 

The implementation of PSS in systems 
integrated with renewable energy sources, 
particularly wind power plants (WPPs), has 
become a central focus in stability research. 
According to a study [10], PSS can be used in 
conjunction with probabilistic-robust approaches 
and a coordinated control approach to stabilize 
power oscillations in wind power production 
systems that use doubly fed induction generators 
(DFIG). However, this robust approach requires 
complex probabilistic modeling and intensive 
parameter tuning, making it less suitable for real-
world applications. Study [11] uses a genetic 
algorithm (GA) to combine PSS and Static 
Synchronous Compensator (STATCOM) in an 
integrated WPP network. Yet, the GA-based 
method demands numerous iterations, resulting in 
slow computational processes. Study [12] adopts 
an innovative approach to tuning PSS parameters 
by leveraging a hybrid particle swarm optimization 
algorithm, aiming to enhance the stability of 
integrated WPP electrical systems. Although this 
method improves system performance, it may 
significantly increase computational burden. The 
use of adaptive neuro-fuzzy inference system 
(ANFIS) models to adjust PSS parameters when 
wind energy is present is investigated in study 
[13]. The results demonstrate that ANFIS-based 
PSS significantly enhances the damping of 
electromechanical oscillations. However, ANFIS 
heavily depends on the quality of training data, 
limiting its ability to generalize to dynamic and 
unforeseen system conditions. Collectively, these 
studies underscore the importance of intelligent 

control techniques and coordinated 
supplementary devices in addressing the 
variability and unpredictability of wind energy, 
ultimately ensuring more reliable and stable power 
system operations. 

Although classical PSS tuning strategies 
such as root-locus and phase-compensation 
remain widely used, they struggle to address the 
nonlinear and multimodal nature of damping-ratio 
optimization in multi-machine systems. This 
problem typically produces a rugged search 
landscape, where small changes in stabilizer 
parameters may shift eigenvalues in highly non-
linear ways. As a result, methods such as GA, 
PSO, DE, or hybrid heuristics often fall into 
shallow local minima or require extensive 
parameter tuning to maintain convergence 
stability. Their search trajectories tend to contract 
prematurely because the update rules depend on 
weighted averaging mechanisms, which reduce 
diversity too quickly. This structural limitation 
motivates the need for an optimization algorithm 
whose dynamics naturally maintain exploration in 
the early stages while providing controlled, 
contraction-based refinement as it approaches 
regions associated with dominant 
electromechanical modes. 

As power systems get more complicated, 
particularly those that are connected with 
renewable energy sources like solar PVs and 
WPPs, the use of artificial intelligence (AI) in PSS 
management is becoming more and more popular 
[14]. The intermittent and volatile nature of these 
sources introduces rapid dynamic changes, 
rendering traditional PSS tuning methods often 
inadequate for maintaining system stability. In this 
context, AI-based optimization techniques offer 
significant advantages [15][16]. One promising 
method is the Hippopotamus Optimization 
Algorithm (HOA), a recent metaheuristic inspired 
by the foraging and territorial behavior of 
hippopotamuses [17][18]. HOA is noted for its 
effective balance between exploration and 
exploitation [19], which helps avoid local optima 
and enhances the likelihood of achieving global 
solutions [20]. Its relatively simple structure also 
allows for easy implementation and adaptability 
across various domains, including scheduling, 
resource allocation, and parameter optimization in 
intelligent systems, making it a versatile and 
powerful tool for complex problem-solving in 
modern power grids. 

Several studies have explored the 
application of the HOA in power system 
optimization. Through the improvement of search 
efficiency, convergence speed, and global 
exploration, research [21] used HOA to increase 
the accuracy of PV output forecast. This 
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contributes to more reliable and efficient solar PV 
systems. Study [22] utilized HOA for distributed 
generation (DG) placement and network 
reconfiguration, improving the performance of 
electricity distribution systems. Taking into 
account both technical and financial 
considerations, research [23] suggested a HOA-
based framework for the best location and 
dimensions of PV systems, DSTATCOMs, and EV 
charging stations. Additionally, [24] employed 
HOA to optimize PSS parameters, resulting in 
improved dynamic stability through better 
damping of rotor angle and speed oscillations. 
These applications demonstrate HOA’s versatility 
and potential in addressing various challenges in 
modern power systems, particularly in enhancing 
stability, reliability, and renewable energy 
integration. 

The South Sulawesi System (Sulbagsel or 
Sulselrabar) faces significant challenges due to 
the growing penetration of renewable energy 
sources, particularly wind power. Projects such as 
the Sidrap and Jeneponto wind power plants 
support national sustainability goals, yet the 
intermittent nature of wind energy poses risks to 
voltage stability, frequency control, and overall 
system security [22]. The integration of renewable 
energy into the Southern Sulawesi grid marks a 
progressive step toward a cleaner energy future. 
However, this transition exposes the system to 
instability, primarily due to limited infrastructure, 
low inertia, and the variability inherent in 
renewable sources. A comprehensive strategy 
involving grid modernization, energy storage, and 
adaptive regulation is urgently required to prevent 
this transformation from compromising regional 
electricity reliability. 

Although these optimization algorithms 
have achieved significant progress in enhancing 
power system stability, their limitations remain 
evident in large-scale, renewable-integrated grids. 
GA and PSO, for instance, are prone to premature 
convergence and require extensive computational 
resources when dealing with high-dimensional 
search spaces. Hybrid methods such as GA-PSO 
improve robustness but at the cost of higher 
algorithmic complexity and slower convergence 
speed. Similarly, ANFIS-based PSS approaches, 
while adaptive, depend heavily on the availability 
and quality of training data, which limits their 
capability to handle uncertain and highly dynamic 
operating conditions. More recent approaches, 
such as GWO and WOA, demonstrate superior 
global search ability but often exhibit weak 
exploitation capability in the vicinity of the optimal 
solution, leading to longer convergence times. 
These shortcomings indicate that existing 
approaches are still insufficient to fully address the 

nonlinear, multimodal, and time-varying nature of 
power systems with high renewable penetration. 
In this context, the HOA offers a more balanced 
exploration–exploitation mechanism, faster 
convergence, and a simpler structure, making it a 
strong candidate for positioning as a state-of-the-
art alternative in stabilizer optimization. 

To further clarify the research gap, it is 
important to note that although metaheuristic 
algorithms such as Particle Swarm Optimization 
(PSO), Differential Evolution (DE), and the Ant 
Lion Optimizer (ALO) have been applied to power 
system stabilizer tuning [25, 26, 27], they face 
notable limitations when addressing large-scale, 
nonlinear, and renewable-integrated systems. 
PSO and DE are prone to premature convergence 
and require extensive parameter adjustment, 
while ALO shows strong exploration but weak 
exploitation near optimal solutions, resulting in 
slower convergence. Despite these 
advancements, none of these methods has been 
applied or validated in the Southern Sulawesi 
(Sulbagsel) system, which is characterized by 
high renewable penetration and multimachine 
interactions. This establishes a clear research 
gap: previous studies have not examined HOA-
based MB-PSS optimization in a large-scale 
renewable-integrated system, nor have they 
provided a direct comparison of HOA against 
GWO and WOA under identical conditions. This 
study fills this gap by implementing and 
benchmarking HOA-based MB-PSS tuning 
specifically for the Sulbagsel system. The novelty 
of this study lies not only in demonstrating the first 
application of the Hippopotamus Optimization 
Algorithm (HOA) for stabilizer tuning in Sulbagsel 
but also in providing a systematic performance 
evaluation of HOA relative to established 
algorithms. The findings further show that HOA’s 
balanced exploration–exploitation mechanism is 
well-suited for the multimodal optimization 
characteristics inherent in power system stability 
analysis. 

This concern motivates the proposal to 
apply MB-PSS within the wind power–integrated 
Southern Sulawesi system. Proper coordination of 
PSS with intelligent control algorithms is essential 
to achieve adaptive and accurate control, in line 
with the increasingly complex dynamics of modern 
power systems. Renewable energy integration 
introduces highly nonlinear and uncertain 
behaviors, making systems more susceptible to 
low-frequency oscillations. Under such conditions, 
conventional PSS tuning methods are no longer 
adequate. This provides further rationale for 
utilizing the HOA to optimize both the placement 
and parameter tuning of MB-PSS in the Southern 
Sulawesi system. 
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The main contributions of this research are 
as follows: 
1) The application of the HOA to optimize the 

MB-PSS for the Southern Sulawesi system 
integrated with WPPs. 

2) The testing and validation of the HOA method 
to enhance stability in the Southern Sulawesi 
power system. 

In this paper, the system model is described 
in depth in Section II, the research technique is 
explained in Section III, the results are presented 
and analyzed in Section IV, and the study is 
concluded with important discoveries and insights 
in Section V. 
 
SYSTEM MODEL 
Test System 

In addition to current daily operational 
records, the most recent data for this study came 
from the Southern Sulawesi system, which 
consists of 15 generators and 57 transmission 
lines connecting the primary load centers [28]. 
Operating at 150 kV, the system includes 46 
buses.  
 
PSS2B 

The two-input MB-PSS2B model is shown 
in Figure 1 [29]. Unlike the SB-PSS, which suffers 
from susceptibility to signal noise, often causing 
excessive excitation modulation and reference 
inaccuracies, the MB-PSS is designed to 
overcome such limitations. In SB-PSS, noise 
typically arises from torsional oscillations due to 
electrical torque variations or from lateral shaft 
motion, both of which can adversely affect 
excitation and electrical torque output. To mitigate 

this, transitioning to a multi-input structure like the 
MB-PSS becomes essential.  

Multiple input signals are used by the MB-
PSS, including variations in rotor speed deviation 
(∆ω) and generator electrical power (∆Pe). 
Dedicated transducers and washout circuits are 
used to process these signals. The transducers 
convert input variations into voltage signals, while 
the washout circuits eliminate steady-state 
components, ensuring dynamic responsiveness.  

Based on the IEEE PSS2B type, the MB-
PSS model shown in Figure 2 handles each input 
through its respective processing paths (Tw1–Tw4), 
as defined by parameters T6 and T7. The dynamic 
response of the system to ∆Pe and ∆ω fluctuations 
is significantly shaped by the time constants T8 
and T9, which stand in for torque filtering elements. 
Additionally, Figure 2 presents the single-line 
diagram of the Southern Sulawesi system, 
providing the broader network context in which the 
MB-PSS operates. 

The MB-PSS units in this study are installed 
directly on the excitation systems of selected 
generators within the Southern Sulawesi 
multimachine network. Consistent with practical 
implementation, each MB-PSS is connected to the 
generator’s AVR through the rotor speed deviation 
and electrical power variation input channels. In 
total, fourteen generators are equipped with MB-
PSS2B devices, corresponding to the units listed 
in Table 6. This placement ensures that both local 
and inter-area oscillation modes are effectively 
damped and aligns the stabilizer locations with the 
dominant electromechanical modes observed in 
the system. 

 

 
Figure 1. MB-PSS2B Model
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Figure 2. Southern Sulawesi system 

 
METHOD 
Hippopotamus Optimization Algorithm 

Hippopotamuses are used as search agents 
in the HOA, a population-based optimization 
method. In this method, each hippo represents a 
candidate solution to the optimization problem, 
where the position of a hippo in the search space 
corresponds to a specific set of values for the 
decision variables. Similar to other population-
based optimization methods, the initialization 
phase of the HOA algorithm involves generating a 
set of random initial solutions. During this phase, 
the vector of decision variables is created using (1) 
[30].  

 
𝑋𝑖𝑗 = 𝑅𝑎𝑛𝑑 × (𝑈𝑝𝐵𝑗 − 𝐿𝑤𝐵𝑗) + 𝐿𝐵𝑗  ;  𝑖 =

1,2, …𝑁; 𝑗 = 1,2, … 𝑑𝑖𝑚  
(1) 

 
Here, 𝑅𝑎𝑛𝑑 represents a random value, 𝐿𝑤𝐵𝑗 
denotes the jth lower bound, and 𝑈𝑝𝐵𝑗 refers to the 
jth upper bound of the decision variable. The HOA 
is structured around three core concepts: updating 
positions in a river or pond, employing defense 
strategies against predators, and utilizing 
avoidance mechanisms. 
 
Exploration 

On the basis of the objective function value 
at each iteration, the lowest value for a 
minimization issue and the highest value for a 
maximization problem, the dominating 
hippopotamus is determined. In the natural 
behavior modeled by the algorithm, dominant male 
hippopotamuses defend their territory and herd 
against intruders. These dominant males are 
typically surrounded by several female 
hippopotamuses. The position of the dominant 

male within the herd, located in a lake or pond, is 
mathematically represented in (2). 

 

𝑋𝑖𝑗
ℎ𝑖𝑝𝑝𝑜

= 𝑌𝑖𝑗 × (𝐷ℎ𝑖𝑝𝑝𝑜 − 𝑋𝑖𝑗𝐼𝑖) + 𝑋𝑖𝑗  ;  𝑖 =

1,2, …𝑁; 𝑗 = 1,2, … 𝑑𝑖𝑚  
(2) 

𝐷ℎ𝑖𝑝𝑝𝑜 = 𝑋𝑏𝑒𝑠𝑡𝑖𝑗 (3) 

ℎ =

{
 
 

 
 
𝐼2 × 𝑟1 + (~𝑄1)

2 × 𝑟2 − 1

𝑟3
𝐼2 × 𝑟4 + (~𝑄2)

𝑟5

 (4) 

𝑇 = 𝑒𝑥𝑝 (−
𝑙

𝑇
) (5) 

𝑋𝑖𝑗
𝐹𝐵ℎ𝑖𝑝𝑝𝑜

= {
𝑟6 × ℎ1(𝑀𝐺 − 𝐷ℎ𝑖𝑝𝑝𝑜) + 𝑋𝑖𝑗 , 𝑇 > 0.6

 𝑒𝑙𝑠𝑒
 

(6) 

 = {
𝑟6 × ℎ2(𝑀𝐺 − 𝐷ℎ𝑖𝑝𝑝𝑜) + 𝑋𝑖𝑗 , 𝑇 > 0.5

𝑟7 × (𝑈𝑝𝐵𝑗 − 𝐿𝑤𝐵𝑗) + 𝐿𝐵𝑗 , 𝑒𝑙𝑠𝑒
 (7) 

 

In (3), 𝑋𝑖𝑗
𝐹𝐵ℎ𝑖𝑝𝑝𝑜

 denotes the position of a male 

hippopotamus, while 𝐷ℎ𝑖𝑝𝑝𝑜 represents the 
dominant hippopotamus, the one with the best 
fitness value in the current iteration. The variable r 
is a random vector between 0 and 1, and 𝑟5, used 
in (4), is a random scalar in the same range. I1 and 
I2 are integers randomly chosen between 1 and 2. 
MG is the mean value of several randomly selected 
hippopotamuses, with equal chance of including 
the current individual (Xij). Yij is another random 
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number between 0 and 1. In (5), Q1 and Q2 are 
binary random integers (0 or 1). The positions of 

female or young hippopotamuses 𝑋𝑖𝑗
𝐹𝐵ℎ𝑖𝑝𝑝𝑜

 are 

defined in (6) and (7). Young hippos may 
occasionally stray from their mothers, and when T 
> 0.6, it indicates separation. 
 
Exploration-the hippos' defense mechanism 
against predators 

The primary defensive behavior of 
hippopotamuses involves swiftly turning to face the 
predator while producing loud vocalizations to 
deter it from approaching. During this phase, 
hippos may exhibit an aggressive display by 
moving toward the threat, prompting the predator 
to retreat. The predator’s position within the search 
space is represented mathematically in (8). 

 

𝑃𝑖𝑗 = 𝑟8 × (𝑈𝑝𝐵𝑗 − 𝐿𝑤𝐵𝑗) + 𝐿𝐵𝑗   (8) 

𝐷 = 𝑃𝑖𝑗 − 𝑋𝑖𝑗 (9) 

𝑅𝐿⃗⃗⃗⃗⃗⃗ = 𝐿𝑒𝑣𝑦(𝜗) (10) 

𝐿𝑒𝑣𝑦(𝜗) = 0.05.
𝑤 × 𝜎𝑤

|𝑣|
1
𝑣

 (11) 

𝑋𝑖𝑗
ℎ𝑖𝑝𝑝𝑜

=

{
 
 

 
 𝑅𝐿⃗⃗⃗⃗⃗⃗ × 𝑃𝑖𝑗 + (

𝑏

𝑐 − 𝑑 𝑐𝑜𝑠(2𝜋𝑔)
) (
1

𝐷
) + 𝑋𝑖𝑗 , 𝑓𝑃𝑖𝑗 < 𝑓𝑖

𝑅𝐿⃗⃗⃗⃗⃗⃗ × 𝑃𝑖𝑗 + (
𝑏

𝑐 − 𝑑 𝑐𝑜𝑠(2𝜋𝑔)
)(

1

𝐷. 2 + 𝑟𝑔
) + 𝑋𝑖𝑗 , 𝑓𝑃𝑖𝑗 ≥ 𝑓𝑖

 
(12) 

 
The random vector r8 represents a value ranging 
from zero to one. Equation (9) indicates the 
distance between the predator and the ith 
hippopotamus. A higher predator value, as shown 
in (10), implies that the predator or another 
intruding entity is farther from the hippopotamus’s 

territory. The vector 𝑅𝐿⃗⃗⃗⃗⃗⃗  is a random vector 
following a Lévy distribution, used to simulate 
sudden shifts in the predator’s position during an 
attack. The mathematical model describing this 
random Lévy movement is provided in (11), where 

 and v are random variables. 
 
Exploitation 

The hippopotamus employs this tactic to 
locate a safe area near its current position. By 
modeling this behavior within the HO's Phase 
Three, the algorithm becomes more effective in 
local search exploitation. The hippopotamus' 
behavior is mathematically represented in (13) and 
(14). 

𝐿𝑤𝐵𝑗
𝑙𝑜 =

𝐿𝑤𝐵𝑗

𝑡
, 𝑈𝑝𝐵𝑗

𝑙𝑜 =
𝑈𝑝𝐵𝑗

𝑡
 (13) 

𝑋𝑖𝑗
ℎ𝑖𝑝𝑝𝑜𝐸

= 𝑋𝑖𝑗 + 𝑟10

× ((𝑈𝑝𝐵𝑗 − 𝐿𝑤𝐵𝑗)𝑠

+ 𝐿𝐵𝑗) 

(14) 

 

In (13),  𝑋𝑖𝑗
ℎ𝑖𝑝𝑝𝑜

 represents the 

hippopotamus's position as it searches for the 
closest safe place. Three scenarios are defined by 
the variable s, a random vector or integer selected 
using (14). These scenarios guide the local search 
process, contributing to enhanced exploitation 
capabilities. In other words, the considered cases 
(s) improve the local search performance, 
indicating that the proposed algorithm offers a 
higher quality of exploitation. 

In the context of MB-PSS tuning, each stage 
of the HOA directly influences the refinement of 
stabilizer parameters such as the gain (Kpss), the 
various time constants (T1–T4, Tw, Td), and the 
phase-compensation structure. During the 
exploration stage, the algorithm expands its search 
broadly across the entire parameter space, 
allowing Kpss and the lead–lag time constants to 
shift widely so that the search does not fall into 
shallow local optima. This broad movement is 
essential for discovering combinations of gain and 
phase lead that meaningfully enhance damping. 
The continuation of exploration through the 
defense mechanism preserves diversity within the 
candidate solutions, enabling the algorithm to 
identify phase-compensation settings capable of 
shifting electromechanical modes further into the 
stable region. As the process transitions into 
exploitation, the algorithm no longer moves widely 
but instead performs fine adjustments around the 
best emerging candidate. In this stage, the values 
of Kpss, the time constants, and the phase-
compensation pairs are gradually refined with 
increasing precision. Through this progression, the 
HOA converges toward parameter sets that deliver 
higher damping ratios, reduced overshoot, and 
faster settling time. In this way, the behavioral 
stages of the HOA map naturally onto the shaping 
of MB-PSS parameters, explaining how the 
algorithm consistently guides the stabilizer toward 
an optimal dynamic response. 

To ensure reproducibility and clarity, the 
HOA in this study is implemented with the following 
parameter settings: a population size of 30 search 
agents, a maximum of 50 iterations, and adaptive 
coefficients as proposed in the original HOA 
formulation. The optimization process is guided by 
an objective function that maximizes system 
damping ratio while minimizing overshoot and 
settling time. Mathematically, the function can be 
expressed as (15): 
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𝐽 = 𝑤1.  − 𝑤3. 𝑂𝑆 − 𝑤3. 𝑇𝑠  (15) 

 
where ζ represents the damping ratio, OS the 
overshoot percentage, and Ts the settling time. The 
weighting factors w1, w2, w3 are tuned to prioritize 
system stability. The optimization is subject to 
constraints, including: 
- Stabilizer gain and phase parameters limited 

to practical operating ranges.  
- Generator excitation voltage constrained by 

manufacturer ratings. 
- Eigenvalues of the closed-loop system 

required to remain in the left-hand plane with a 
damping ratio greater than 0.05. 

To validate the effectiveness of HOA, 
benchmarking was conducted against the GWO 
and the WOA. All algorithms were implemented 
under identical operating conditions, with the same 
population size and maximum iteration number, to 
ensure fairness in comparison. Convergence 
performance, objective function values, and time-
domain simulation responses were analyzed to 
demonstrate the superiority of HOA. 
 
THE HOA IMPLEMENTATION 
Objective Function 

The obtained mathematical model is shown 
in (16) and (17) to be converted into a state-space 
form. 

 

∆𝑥̇ = 𝐴∆𝑥 + 𝐵∆𝑢 (16) 

∆𝑦 = 𝐶∆𝑥 + 𝐷∆𝑢 (17) 

det(𝑠𝑙 − 𝐴) = 0 (18) 

 
The analysis employs the identity matrix (I) 
alongside the eigenvalues (s) of matrix A, which is 
an n × n matrix. The total number of eigenvalue 
sets is determined by (19), while (20) defines the 
system’s oscillation frequency. In this framework, 
each eigenvalue λi consists of a real part, σi, and 
an imaginary part, ωi. The real component 
corresponds to the system’s damping behavior, 
whereas the imaginary component reflects its 
oscillatory dynamics. 

𝑖 = 𝑖 + 𝑗𝑖 (19) 

𝑓 =
𝜔

2𝜋
 (20) 

Equation (21) details the computation of the 
damping value, while (22) introduces the 
Comprehensive Damping Index (CDI), a measure 
that encapsulates the system’s overall damping 
performance. 


𝑖
=

−𝑖

√𝑖
2 + 𝑖

2
 (21) 

𝐶𝐷𝐼 =∑ (1 − 
𝑖
)

𝑛

𝑖=1
 (22) 

The damping ratio of the system is 
represented by ζᵢ, and n denotes the total number 
of eigenvalues. Maximizing the damping ratio (ζ) 
is the primary objective of the HOA, ensuring that 
the critical electromechanical modes are shifted 
further into the stable region of the s-plane. The 
parameter limits of the MB-PSS2B used in the 
HOA optimization are presented in Table 1. 
 
Theoretical suitability of HOA for MB-PSS  
Balance of exploration and exploitation 

MB-PSS tuning requires global exploration 
(to avoid poor local optima) and local refinement 
(to fine-tune damping and stability metrics). HOA 
explicitly models this duality through: 

• Exploration (random moves, diversity 
preservation) 

• Exploitation (aggressive convergence 
toward best solutions) 

Thus, HOA provides an adaptive mechanism 
suited to the multimodal, rugged surface of MB-
PSS cost functions. 
 
Convergence in probability (stochastic 
process perspective) 

HOA's iterative updates can be modeled as 
a stochastic process (23): 

𝑖
𝑘+1 = 𝑖

𝑘 +∈𝑖
𝑘 (23) 

Where ∈𝑖
𝑘 is a random variable influenced by the 

population structure and the current best. Under 
the assumptions of: 

• Bounded variance of step sizes, 

• Persistent exploration 

• Contraction toward the best solution, 
 

Table 1.  Parameter limits 

Algorithm Parameter Value 

Ks1 0.01 200 
Ks2 0.01 200 
T1 0.01 200 
T2 0.01 50 
T3 0.01 1 
T4 0.01 1 
Td1 0.01 1 
Td2 0.01 1 
Tw1 0.01 1 
Tw2 0.01 1 
Tw3 0.01 1 
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Then, by analogy with stochastic approximation 

theory, the sequence 𝑖
𝑘
 converges in probability 

to a neighborhood of the global minimum (24): 

 
lim
𝑘→∞

 (‖𝑖
𝑘 − 𝜃∗‖ < 𝜀) = 1 (24) 

 
This is particularly relevant in model-based 
simulation tuning, where gradients are 
unavailable. 

Figure 3 illustrates the complete workflow of 
the Hippopotamus Optimization Algorithm (HOA) 
as applied to MB-PSS tuning. The flowchart 
highlights how the algorithm begins with random 
population initialization, which defines the initial 
search space for stabilizer parameters. The 
exploration phase, represented by branching 
movements around the dominant hippopotamus, 
describes the wide-range search that allows the 
algorithm to avoid premature convergence. The 
defense-mechanism stage captures sudden shifts 
in the search trajectory to maintain diversity, while 
the exploitation stage shows the algorithm’s 
transition into local refinement around promising 
solutions. The final decision block indicates the 
convergence criterion that determines when the 
optimal MB-PSS parameters have been achieved. 
Together, these stages visually explain how HOA 
balances exploration and exploitation throughout 
the tuning process. 

 
RESULTS AND DISCUSSION 

The experiment was carried out using 
MATLAB 2023 on a system equipped with an Intel 
Core i7 processor running at 2.20 GHz (16 cores), 
32 GB of DDR4 RAM, dual 512 GB SSDs (Micron 
and V-Gen), and an NVIDIA GTX 1650 GPU with 
4 GB of VRAM. 

This section concentrates on using MB-
PSS2B devices to increase the stability of the 
Southern Sulawesi system. The HOA optimization 
method's efficacy is evaluated by contrasting it 
with the GWO and WOA algorithms. The objective 
function is intended to maximize the damping ratio 
(ζmin) in order to give the system high structural 
stability. Damping analysis and time domain 
simulation are the two main analytical techniques 
used in the study. While Time Domain Simulation 
evaluates system performance by closely 
examining the dynamic responses of Deviation 
Speed (Δω), Field Voltage (Efd), and Rotor Angle 
(δ) across all generators, Damping Analysis looks 
at the damping values associated with each 
possible MB-PSS2B configuration. 

Benchmarking analysis 
Before applying the HOA optimization 

method, a benchmark analysis compared it with 
GWO and WOA algorithms to evaluate their 
exploration and exploitation capabilities. Table 2 
provides specifics on the algorithm settings. Table 
3 [31][32] lists six benchmark functions, both 
unimodal and multimodal, where multimodal tests 
evaluate exploration and unimodal tests evaluate 
exploitation. Fixed-dimension multimodal 
functions specifically examine low-dimensional 
performance. Table 4 displays the results of 30 
runs of the HOA algorithm, including the best 
values and standard deviations. These statistics 
highlight the method’s accuracy, consistency, and 
effectiveness. Overall, HOA outperforms GWO 
and WOA, demonstrating superior exploration, 
exploitation, and stability in finding optimal 
solutions. 

 
Table 2.  Parameters of the algorithms 

Algorithm Parameter Value 

GWO 
Group size 

Random vector, r1 & r2 

Coefficient vector, v 

20 
0-1 
0-2 

WOA 
Stochastic value, r, p 
Convergence factor 
Constant coefficient 

0-1 
2 
1 

HOA 

Uniform random number, r 
Uniform random number, a 

Random vector, 𝑅⃗⃗ 

Uniform random number, 𝐷⃗⃗⃗ 

2-4 
-1-1 
0,1 
2,4 

 
Table 3.  Benchmark test function 

Function Range 

Unimodal  

𝑓1(𝑥) =∑𝑥𝑖
2

𝐷

𝑖=1

 
-100, 
100 

𝑓2(𝑥) =∑|𝑥𝑖|

𝐷

𝑖=1

+∏|𝑥𝑖|

𝐷

𝑖=1

 -10, 10 

Multimodal  

𝑓3(𝑥) =∑−𝑥𝑖  sin  (√|𝑥𝑖|)

𝑛

𝑖=1

 
-500, 
500 

𝑓4(𝑥) =∑[

𝑛

𝑖=1

𝑥𝑖 
2  − 10 cos(2𝜋𝑥𝑖) + 10]

 -5.12, 
5.12 

Fixed dimension multimodal 

𝑓5(𝑥) = (
1

500
+∑

1

𝑗 + ∑ (𝑥𝑖 − 𝑎𝑖𝑗)
62

𝑖=1

25

𝑗=1

)

−1

 -65, 65 

𝑓6(𝑥) =∑[𝑎𝑖 −
𝑥1(𝑏𝑖

2 + 𝑏𝑖𝑥2)

𝑏𝑖
2 + 𝑏𝑖𝑥3 + 𝑥4

]

211

𝑖=1

 -5, 5 
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Figure 3. Flowchart of the HOA process  
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The Wilcoxon rank-sum test, which is used to 
determine the significance of the findings of the 
suggested algorithm, is the next stage in 
evaluating statistical performance. At a 0.05 
significance level, Table 5 presents pairwise 
comparisons between HOA and the other three 
algorithms, including p-values and hypothesis test 
outcomes (H). The null hypothesis (no significant 
difference) is accepted when p > 0.05 or H = 0, 
whereas the alternative (significant difference) is 
accepted when p < 0.05 or H = 1. Table 4 
demonstrates that HOA consistently performs 
better than the alternatives for every test function. 

The search for optimal solutions by the 
method is highlighted by convergence curves, 
which display the progression of the best solution 
with each iteration. Figure 4 shows the normalized 
average convergence curves for the 30-run 
unimodal and multimodal benchmark functions. 
These curves reveal each algorithm’s efficiency in 
reaching optimality. HOA consistently exhibits a 
faster and more stable convergence than GWO 
and WOA, indicating both speed and robustness 
in escaping local optima. Figure 4 presents the 
convergence characteristics of HOA in 
comparison with GWO and WOA.  

 

Table 4.  Benchmarking test results 
f GWO WOA HOA 

f1 

Best 1.22E-27 7.36E-74 0.00E+00 

Std. 4.75E+03 5.01E+03 3.24E+03 

Mean 6.33E+02 6.44E+02 1.46E+02 

f2 

Best 1.62E-03 3.39E-03 1.80E-04 

Std. 6.64E+00 9.46E+00 7.29E+00 

Mean 7.15E-01 9.61E-01 3.67E-01 

f3 

Best -5.80E+03 -1.04E+04 -1.82E+04 

Std. 1.00E+03 1.06E+03 4.33E+03 

Mean -3.95E+03 -9.45E+03 -1.35E+04 

f4 

Best 4.35E-01 0.00E+00 0.00E+00 

Std. 7.13E+01 7.18E+01 2.51E+01 

Mean 2.63E+01 2.94E+01 2.25E+00 

f5 

Best 5.68E+00 9.98E-01 9.98E-01 

Std. 3.07E+00 6.41E+00 1.22E+01 

Mean 6.02E+00 1.71E+00 1.91E+00 

f6 

Best 4.70E-03 3.50E-04 3.08E-04 

Std. 5.55E-03 8.67E-03 9.44E-03 

Mean 5.37E-03 1.32E-03 8.91E-04 

 
 

Table 5.  Wilcoxon signed-rank test results 

f 
GWO WOA 

p H P H 

f1 2.3764E-82 1 2.3766E-82 1 
f2 2.2527E-82 1 2.2229E-82 1 
f3 1.2392E-83 1 3.1626E-78 1 
f4 1.0922E-83 1 9.3008E-46 1 
f5 1.1887E-84 1 2.4833E-7 1 
f6 2.1034E-82 1 1.5236E-84 1 

 
 
 

The curves show that HOA begins reducing 
the fitness value at a faster rate during the early 
iterations, with a steeper descent than the other 
algorithms. The middle section of the graph 
highlights the stability of HOA’s search trajectory, 
where the curve remains smooth and free from 
oscillatory divergence. The final region of the plot 
shows that HOA reaches the lowest fitness value 
and stabilizes earlier than both GWO and WOA. 
These visual patterns confirm HOA’s superior 
convergence speed, strong exploitation capability, 
and ability to avoid stagnation in local minima. 
This superior performance highlights the 
effectiveness of HOA in solving complex 
optimization problems, reinforcing its advantages 
as a reliable metaheuristic in diverse problem 
landscapes. 
 
Optimization results 

Figure 5 presents the normalized 
convergence graph of the HOA computational 
method, illustrating its superior optimization 
performance over GWO and WOA. Notably, HOA 
attains the lowest fitness function value and 
converges more rapidly than both alternatives. 

In addition to the numerical improvements 
shown in Tables 4-5 and Figures 4-5, an error 
analysis was carried out to assess the consistency 
of the HOA compared to other algorithms. The 
standard deviation of the objective function values 
across multiple independent runs was consistently 
lower for HOA, indicating greater robustness and 
reduced sensitivity to stochastic variations. This 
statistical stability supports the reliability of the 
reported improvements. 

The superiority of HOA can be explained by 
its balanced exploration–exploitation mechanism. 
While conventional algorithms such as the GWO 
and WOA demonstrate good global search ability, 
they often struggle to refine solutions near the 
optimum due to weaker exploitation capability. In 
contrast, HOA employs adaptive coefficients that 
enhance convergence in the later stages of 
iteration, which translates into reduced overshoot 
and shorter settling times in the dynamic 
response. 

Furthermore, when compared with previous 
studies applying PSO- or DE-based stabilizer 
tuning in multimachine systems, the 
improvements achieved in this work are more 
significant. For instance, earlier PSO-based 
methods reported damping ratios below 0.25, 
while HOA consistently achieved values above 
0.30 in the Sulbagsel system. These comparisons 
highlight that HOA not only outperforms the 
algorithms tested in this study but also achieves 
superior results relative to the existing literature.
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(a). f1 (b) f2 (c) f3 

 
(d) f4 (e) f5 (f) f6 

Figure 4. A comparative analysis of the convergence curves of algorithms  

 

 
Figure 5. Convergence graphic 

  
Damping analysis 

The addition of MB-PSS2B enhances 
system damping, particularly in configurations 
equipped with 14 MB-PSS2B units. The maximum 
damping ratios achieved are as follows: MB-
PSS2B with HOA yields the highest value of 
0.718481226, followed by GWO at 0.714244444, 
and WOA at 0.71807433. The damping ratio 
needs to be greater than 0.1 in order for the 
system to be deemed stable and capable of 
successfully damping oscillations.  Table 6 
displays the tuning results for the MB-PSS2B 
settings. 

Time domain simulation 
By examining the BAKARU generator's 

speed deviation, field voltage, and rotor angle 
responses, this part evaluates system stability. A 
0.5 p.u. load disturbance is applied to evaluate 
dynamic performance. Figure 6 compares speed 
responses under various control strategies. 
Without PSS, significant oscillations occur, 
ranging from -0.01953 to 0.004698 p.u. The 
proposed HOA-based tuning markedly enhances 
stability. When combined with MB-PSS2B, it 
delivers the best response, with minimal 
overshoot between -0.009923 and 0.002359 p.u. 
In comparison, GWO and WOA based tunings 
result in wider deviations, confirming the superior 
performance of the HOA-based MB-PSS2B 
approach. 

Figure 6 illustrates the speed deviation 
response of the BAKARU generator following a 
0.5 p.u disturbance. The steep initial oscillation 
visible in the “without PSS” curve reflects the 
system’s vulnerability to electromechanical 
instability. The curves for GWO- and WOA-based 
MB-PSS show partial improvement but still 
experience wider oscillatory swings. In contrast, 
the HOA-based MB-PSS curve demonstrates the 
narrowest deviation range and the fastest 
damping rate, as indicated by the visibly smaller 
overshoot and rapid decay of successive 
oscillations. This visual evidence confirms that 
HOA provides better damping effectiveness and 
stabilizes rotor speed more efficiently than the 
other methods. 
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The MB-PSS2B improves generator 
performance by delivering additional control 
signals (Efd). Figure 7 shows the field voltage 
response during a disturbance, highlighting MB-
PSS2B’s effectiveness in stabilizing operation. 
The generator with MB-PSS2B displays clearer, 
more defined control signals than one without it. 
Figure 7 displays the field voltage response when 
a disturbance occurs. The “without PSS” curve 
exhibits irregular and prolonged fluctuations, 
indicating insufficient excitation control. The 
response with GWO and WOA reveals partial 
stabilization but still shows residual voltage 
oscillations. Meanwhile, the HOA-tuned MB-PSS 
produces a more uniform and tightly regulated Efd 
profile, marked by smoother transitions and rapid 
settling. These visual patterns demonstrate that 
HOA improves the generator’s excitation control, 
leading to faster voltage stabilization and reducing 
the amplitude of Efd perturbations during dynamic 
events. 

The BAKARU generator's rotor angle 
deviation reaction is shown in Figure 8.  In 
comparison to designs with additional control, the 
generator with no control shows more oscillations 
and a longer settling period. The stability 
enhancement brought about by the addition of 
additional control mechanisms is visually 
demonstrated in this picture. Without extra control, 
the BAKARU generator has a 16-second settling 
time.  The settling time is lowered to 9.58 seconds 
by integrating MB-PSS2B and using the 
suggested HOA-based optimization technique. In 
comparison, the GWO-based approach yields a 
settling time of 13.65 seconds, while the WOA-
based method achieves 11.77 seconds.  

Figure 7 presents the rotor angle deviation 
of the BAKARU generator after the disturbance. 
The “without PSS” curve shows large oscillations 
and a long settling time of approximately 16 
seconds, indicating weak synchronizing torque. 
The GWO- and WOA-based controllers reduce 
oscillation magnitude but still require 13.65 and 
11.77 seconds, respectively, to stabilize. In 

contrast, the HOA-optimized MB-PSS curve 
settles at around 9.58 seconds, with visibly 
smaller oscillation envelopes. This visual 
comparison highlights how HOA enhances 
angular stability by accelerating the damping of 
electromechanical oscillations and improving the 
synchronizing behavior of the multi-machine 
system. 

 

 
Figure 6.  deviation of the BAKARU generator 

 
Figure 7. Efd response of the BAKARU 

generator 
 

Table 6.  Tuning results of the PSS with HOA 
G Kpss T1 T2 T3 T4 Tw1-4, Ks2 T5 Ks3, T7 T8, T9 T10 

1 23.556562 0.396802 0.491668 0.722993 0.637899 100 15 1 0.01 0.6 
2 9.472232 0.439674 0.413588 0.976849 0.609329 100 15 1 0.01 0.6 
3 12.122601 0.466242 0.252879 0.937991 0.726458 100 15 1 0.01 0.6 
4 26.926527 0.338685 0.168163 0.869388 0.848910 100 15 1 0.01 0.6 
5 4.938955 0.070565 0.085926 0.691574 0.716454 100 15 1 0.01 0.6 
6 35.373471 0.309389 0.244106 0.847008 0.994331 100 15 1 0.01 0.6 
7 27.814338 0.357220 0.218274 0.593044 0.703248 100 15 1 0.01 0.6 
8 23.045337 0.295190 0.394483 0.562789 0.889684 100 15 1 0.01 0.6 
9 45.505992 0.071997 0.131569 0.715462 0.690745 100 15 1 0.01 0.6 
10 3.090236 0.242143 0.212926 0.976567 0.616599 100 15 1 0.01 0.6 
11 28.826868 0.430053 0.156972 0.698432 0.807686 100 15 1 0.01 0.6 
12 10.205896 0.119210 0.271437 0.509625 0.917883 100 15 1 0.01 0.6 
13 2.823122 0.054831 0.019651 0.573798 0.962705 100 15 1 0.01 0.6 
14 7.376615 0.324747 0.253205 0.928238 0.814819 100 15 1 0.01 0.6 
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Figure 8.  deviation of the BAKARU generator 
 
Theoretical Contribution and Discussion 

Beyond numerical validation, the superior 
performance of the Hippopotamus Optimization 
Algorithm (HOA) can be explained by examining 
its internal search dynamics and their relationship 
to the characteristics of MB PSS tuning in 
multimachine systems. The search landscape of 
damping ratio optimization is highly multimodal, 
with numerous shallow minima created by 
nonlinear interactions among generators. 
Algorithms such as PSO and DE tend to lose 
population diversity early because of velocity 
averaging mechanisms, making them vulnerable 
to premature convergence. In contrast, HOA 
preserves diversity for a longer period through its 
predator avoidance behavior and Lévy based 
movements, allowing candidate solutions to 
escape local minima and discover deeper and 
more stable damping regions. This mechanism 
directly contributes to HOA’s ability to drive 
electromechanical modes further to the left in the 
s plane and achieve higher damping ratios. 

The exploitation stage of HOA also provides 
a theoretical advantage. Its contraction based 
refinement, activated when solutions begin to 
converge, operates more aggressively and 
consistently than the exploitation phases of GWO 
or WOA. The hierarchical structure of GWO tends 
to slow convergence near the optimum region, 
while the spiral movement of WOA may introduce 
oscillatory behavior that delays precise 
refinement. HOA’s structured transition from 
broad exploration to focused exploitation explains 
why it reaches convergence faster and yields 
lower overshoot in time domain simulations. This 
theoretical linkage between HOA’s behavioral 
mechanisms and nonlinear damping control 
highlights a methodological strength absent in 
previous tuning strategies. 

Comparisons with prior studies further 
reinforce this advantage. PSO based tuning in 
multimachine systems typically achieves damping 
ratios below 0.25, while DE based methods often 
struggle to maintain convergence stability under 
high renewable penetration. ANFIS based 
approaches can enhance adaptability, yet their 
performance is limited by the quality of the training 
data and tends to degrade when wind variability 
exceeds the learned patterns. In contrast, the 
damping ratio of 0.7185 obtained in this study is 
significantly higher than the values reported in 
earlier works, demonstrating HOA’s stronger 
ability to stabilize systems with fluctuating 
renewable inputs. Hybrid methods such as GA 
PSO have shown improvements in previous 
studies, but their computational requirements are 
considerably higher. HOA achieves superior 
performance with a simpler structure and faster 
convergence. 

Despite these strengths, the approach also 
has limitations. HOA is a population based 
stochastic algorithm, and therefore global 
optimality cannot be guaranteed for all operating 
points. Its performance still depends on suitable 
parameter initialization. The validation conducted 
in this study focuses on selected contingency 
scenarios, meaning that extreme disturbances or 
conditions with highly variable renewable inputs 
may require adjustments to the objective function. 
The computational load also increases for 
systems with more than twenty stabilizers, which 
may reduce feasibility for real time applications. 
Careful selection of parameter bounds is also 
essential to avoid numerical instability during 
eigenvalue evaluation. 

With regard to applicability, the HOA based 
MB-PSS tuning framework is most effective for 
offline planning and reinforcement studies in large 
scale multimachine systems with substantial 
renewable penetration. The algorithm is 
particularly suited to grids where dynamic 
interactions are complex and nonlinearity is 
significant, such as the Southern Sulawesi 
system. However, for real time adaptive control, 
faster deterministic methods or hybrid HOA 
predictor models may be required. As renewable 
penetration continues to rise, HOA’s balanced 
exploration and exploitation behavior positions it 
as a promising approach for future stabilizer 
design, provided that computational constraints 
and implementation conditions are taken into 
account. 
 
CONCLUSION 

This study concludes that the 
Hippopotamus Optimization Algorithm (HOA) is 
effective in enhancing the dynamic stability of the 
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Southern Sulawesi (Sulbagsel) power system 
integrated with renewable energy sources. The 
application of HOA for tuning the Multi-Band 
Power System Stabilizer (MB-PSS) successfully 
reduces overshoot, shortens settling time, and 
increases the damping ratio compared with 
conventional stabilizers and other metaheuristic 
approaches. 

Beyond these numerical results, the study 
provides several scientific contributions. First, it 
extends the application of HOA, originally a 
general-purpose metaheuristic, into the field of 
power system stability, specifically within a 
complex multimachine and renewable-integrated 
grid. Second, the systematic benchmarking 
against Grey Wolf Optimizer (GWO) and Whale 
Optimization Algorithm (WOA) confirms the 
theoretical advantage of HOA’s balanced 
exploration–exploitation mechanism, which 
underpins its superior convergence speed and 
robustness. Third, the work demonstrates how 
metaheuristic design directly translates into 
practical improvements in damping system 
oscillations, thereby bridging optimization theory 
and power system engineering practice. 

However, this study also has limitations. 
The validation was carried out under selected 
operating scenarios and contingencies through 
simulation, and no hardware-in-the-loop or real-
time digital simulation was performed. As a result, 
the applicability of the results to other power 
systems or under highly stochastic renewable 
variations still requires further confirmation. 

Future research should therefore focus on 
extending HOA-based optimization to other large-
scale power systems with higher renewable 
penetration, integrating HOA with FACTS devices 
or hybrid control strategies, and testing the 
method in real-time simulation or experimental 
environments. These directions will not only 
strengthen the theoretical contributions but also 
enhance the practical feasibility of HOA for real-
world power system stability improvement. 
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