
 

JPPIPA 12(9) (2026) 
 

Jurnal Penelitian Pendidikan IPA 
 
 

http://jppipa.unram.ac.id/index.php/jppipa/index 
 

   

___________ 
How to Cite: 
Valentino, G., Ariprihartaa, A., & Prasetyaa, D. D. (2026). Optimization of Wind Power Generation in Ambon City Using the Queen Honey Bee 

Migration (QHBM) Method. Jurnal Penelitian Pendidikan IPA, 12(9), 176–188. https://doi.org/10.29303/jppipa.v12i9.14640  

Optimization of Wind Power Generation in Ambon City Using 
the Queen Honey Bee Migration (QHBM) Method 
 

Gilberth Valentino Titaleya1*, Ariprihartaa1, Didik Dwi Prasetyaa1 

 
1 Electrical Engineering, Faculty of Engineering, Universitas Negeri Malang, Malang, Indonesia. 
 

 
Received: February 21, 2026 
Revised: September 19, 2026 
Accepted: September 22, 2026 
Published: September 30, 2026 
 
Corresponding Author:  
Gilberth Valentino Titaleya 
Gilberth.valentino.2405348@students.um.ac.id  
 
DOI: 10.29303/jppipa.v12i9.14640  
 

 
© 2026 The Authors. This article is distributed 
under a (CC-BY License) 

 

Abstract: The increasing demand for sustainable electricity generation 
highlights the importance of efficient wind power optimization, particularly 
in island regions with variable wind resources such as Ambon City, 
Indonesia. This study proposes an intelligent optimization framework based 
on the Queen Honey Bee Migration (QHBM) algorithm to improve wind 
power generation performance. A simulation model of a grid-connected wind 
energy conversion system was developed, integrating aerodynamic turbine 
modeling, generator dynamics, and power conversion stages. The 
optimization process aims to determine optimal operating conditions that 
maintain the turbine at an optimal tip speed ratio (λ) by adjusting controllable 
operational parameters, including blade pitch angle (β) and generator 
operating conditions. The proposed QHBM approach is evaluated using 
representative wind speed profiles ranging from 6–14 m/s derived from 
seasonal coastal wind conditions in Ambon. For benchmarking purposes, the 
algorithm performance is compared with Particle Swarm Optimization (PSO) 
under identical simulation settings. Results show that QHBM achieves higher 
power extraction performance, with an average improvement of 15.90% at a 
representative wind speed of 10 m/s. Statistical evaluation across 30 
simulation runs indicates that QHBM also exhibits greater robustness, with 
significantly lower output variability. Furthermore, the algorithm achieves 
MPPT tracking efficiency of up to 96.80% under dynamic wind conditions. 
These results demonstrate that the migration-based search mechanism of 
QHBM enhances the ability to maintain optimal turbine operating conditions, 
leading to improved energy yield and operational stability for wind power 
systems in island environments. 
 
Keywords: Ambon City; Metaheuristic algorithm; Particle Swarm 
Optimization (PSO); Queen Honey Bee Migration (QHBM); Renewable 
energy; Wind power optimization 

  
 

Introduction  
 

The increasing demand for sustainable and 
environmentally friendly energy sources has 
significantly accelerated the development of renewable 
energy technologies worldwide. Among various 
renewable resources, wind energy has become one of the 
most promising alternatives due to its large-scale 
generation potential and relatively mature technological 
development (Kumar et al., 2016; Rahman & Wahyudi, 

2020; Sharma & Bhatti, 2021; Wahyuni & Prasetyo, 2021; 
Putra & Setiawan, 2021; Kusuma & Aditya, 2023). Wind 
power generation systems are widely deployed in both 
onshore and offshore environments to support the 
global transition toward low-carbon energy systems 
(Slootweg & Kling, 2003; Ackermann, 2012; Burton et al., 
2011; Zhang et al., 2020; Santika & Kurniawan, 2021). 
However, achieving optimal energy extraction from 
wind turbines remains a challenging task because wind 
speed variations directly influence turbine performance 
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and power output (Manwell et al., 2010; Prasetyo & 
Nugroho, 2019; Nugroho & Widodo, 2021; Saputra & 
Hidayat, 2022; Sutanto & Prabowo, 2022; Putri & 
Nugroho, 2022; Utomo & Santoso, 2023). 

One of the major technical challenges in wind 
energy conversion systems is maintaining optimal 
turbine operating conditions under highly fluctuating 
wind environments. Wind turbines must continuously 
adjust operational parameters such as rotor speed and 
blade pitch angle in order to maintain the optimal tip 
speed ratio (λ), which directly determines the power 
coefficient of the turbine. If these parameters are not 
properly controlled, the turbine may operate away from 
the maximum power point, resulting in suboptimal 
power extraction and reduced system efficiency (Arifin 
& Nugraha, 2021). This challenge becomes more 
significant in coastal and island environments where 
wind characteristics often exhibit strong turbulence 
intensity and stochastic fluctuations (Hansen, 2015; 
Iskandar & Siregar, 2020; Kumar & Singh, 2021; Halim & 
Prakoso, 2022). 

Ambon City, located in the eastern region of 
Indonesia, represents a typical island environment with 
complex wind patterns influenced by seasonal monsoon 
circulation and coastal atmospheric dynamics. The wind 
profile in this region generally falls within the low-to-
medium speed category and is characterized by 
significant temporal variability. These stochastic wind 
conditions can reduce the effectiveness of conventional 
Maximum Power Point Tracking (MPPT) approaches 
that rely on deterministic or gradient-based control 
methods (Blaabjerg et al., 2014; Rahmawati & Utami, 
2021). As a result, intelligent optimization strategies 
capable of adapting to dynamic wind conditions are 
required to improve wind energy harvesting 
performance. 

Metaheuristic optimization algorithms have been 
widely applied to address nonlinear optimization 
problems in renewable energy systems. Algorithms such 
as Particle Swarm Optimization (PSO) and Genetic 
Algorithms (GA) have demonstrated promising 
performance in optimizing turbine operating 
parameters (Kennedy & Eberhart, 1995; Gunawan & 
Santosa, 2022; Khan & Khan, 2022). However, these 
conventional algorithms may suffer from premature 
convergence and reduced search diversity when dealing 
with complex and highly stochastic optimization 
landscapes (Yang, 2020). In environments with rapidly 
changing wind conditions, these limitations may 
prevent the algorithm from consistently maintaining 
optimal turbine operating points. 

To overcome these limitations, this study proposes 
the application of the Queen Honey Bee Migration 
(QHBM) algorithm for optimizing wind turbine 
operating conditions in a grid-connected wind energy 

conversion system. The migration-based search 
mechanism in QHBM allows broader exploration of the 
solution space while maintaining effective exploitation 
around promising regions. This characteristic makes the 
algorithm particularly suitable for handling dynamic 
and stochastic optimization problems commonly 
encountered in wind power systems operating in island 
environments. 

The novelty of this research lies in the integration of 
the QHBM optimization mechanism with a detailed 
simulation model of a grid-connected wind energy 
conversion system operating under stochastic wind 
conditions typical of island environments (Sari & Putri, 
2020). Unlike previous studies that focus primarily on 
algorithmic performance, this work emphasizes the 
adaptive capability of the migration-based search 
strategy to maintain optimal turbine operating 
conditions under fluctuating coastal wind profiles. The 
study specifically evaluates how the QHBM algorithm 
improves power extraction performance compared with 
conventional optimization approaches. 

The main contributions of this research are 
threefold: the development of an optimization 
framework based on the QHBM algorithm for 
maintaining optimal turbine operating conditions in 
stochastic wind environments; the integration of the 
proposed optimization strategy with a grid-connected 
wind energy conversion system model; and a 
comparative performance evaluation between QHBM 
and Particle Swarm Optimization (PSO) under 
representative wind conditions in Ambon City. 
 

Method  
 
System Description 

This research adopts a systematic framework to 
analyze and optimize a grid-connected wind power 
generation system using a mathematical optimization 
approach. As illustrated in Figure 1, the framework 
begins with wind resource acquisition, where wind 
speed and directional data are collected as primary 
inputs. These data are used to model the aerodynamic 
behavior of the wind turbine, which converts kinetic 
wind energy into mechanical power. The mechanical 
power is then transmitted to a synchronous generator to 
produce electrical energy, followed by power 
conditioning through rectifier inverter stages to ensure 
compatibility with grid requirements. 

Furthermore, an optimization module based on the 
Queen Honey Bee Migration (QHBM) algorithm is 
integrated into the framework to enhance system 
performance. The optimization process utilizes real-time 
or simulated wind data to determine optimal operating 
parameters, such as power output and conversion 
efficiency, with the objective of maximizing electrical 
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output delivered to the load or utility grid. This 
structured framework ensures a clear interaction 
between physical system modeling, optimization 
strategy, and performance evaluation, providing a 
robust foundation for simulation and analysis in 
subsequent sections.  

 
Figure 1. Research framework of the wind power generation 

system with optimization integration 

 
The proposed system analyzes the performance 

optimization of a wind turbine system integrated with a 
Permanent Magnet Synchronous Generator (PMSG) 
operating under varying wind conditions. PMSG 
technology is widely used in modern wind turbines due 
to its high efficiency, reduced maintenance 
requirements, and elimination of external excitation 
systems. 

The wind turbine converts the kinetic energy of 
wind into mechanical power through the rotor blades. 
The mechanical power is then converted into electrical 
power by the generator. The output power of the wind 
turbine depends on several parameters, including wind 
speed, rotor radius, air density, and the power 
coefficient (Blaabjerg et al., 2006; Li & Chen, 2008). 

The mechanical power extracted from the wind is 
defined as equation (1): 

Pwind =
1

2
ρA𝑣3 (1) 

The actual power extracted by the turbine is 
influenced by the power coefficient Cp equation (2): 

Pout =
1

2
ρA𝑣3Cp(λ, β) (2) 

The tip speed ratio is defined as equation (3): 

λ =
ωR

𝑣
 (3) 

 
Problem Formulation 

In this study, the optimization problem is 
formulated based on the wind power system model 
previously described in Section 2. The focus of this 
formulation is to define the objective function, decision 

variables, and operational constraints required for 
implementing metaheuristic optimization techniques. 
The primary objective of the optimization is to maximize 
the electrical power output delivered by the wind 
energy conversion system under varying wind 
conditions. Therefore, the objective function is defined 
as equation (4): 

max f(x) = Pout(λ, β) (4) 

Where Pout represents the electrical power output of the 
wind power system, obtained from the system model, 
and x denotes the vector of optimization variables. 

The decision variables are selected based on their 
influence on the system operating point and overall 
power conversion efficiency. In this research, the 
optimization vector is expressed as equation (5): 

x = [λ, β] (5) 

where λ is the tip speed ratio and β is the blade pitch 
angle. These variables directly affect the turbine 
operating condition and determine the achievable 
power output for a given wind speed. To ensure 
practical and safe operation of the wind power system, 
the optimization process is subject to a set of constraints 
defined as equation (6): 

λmin ≤ λ ≤ λmax 

βmin ≤ β ≤ βmax 
(6) 

Additionally, wind speed constraints are applied 
according to the operational limits of the turbine 
equation (7): 

𝑣cut−in ≤ 𝑣 ≤ 𝑣cut−out (7) 

These constraints guarantee that the optimized 
solution remains within the allowable mechanical and 
electrical limits of the system. The formulated 
optimization problem is solved using the QHBM 
algorithm, while PSO is employed as a benchmark to 
assess solution quality, convergence behavior, and 
robustness. 
 
Optimization Procedure 

The optimization procedure in this study is 
designed to determine the optimal operating parameters 
of the wind power generation system in order to 
maximize electrical power output. The procedure 
integrates the wind power system model with 
metaheuristic optimization algorithms, namely the 
QHBM algorithm as the primary method and PSO as a 
benchmark. The optimization process begins with the 
initialization of a population of candidate solutions. 
Each candidate represents a feasible solution vector x =
[λ, β], generated randomly within predefined lower and 
upper bounds. These bounds are defined according to 
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the operational constraints of the wind turbine system to 
ensure physical feasibility. 

After initialization, the fitness value of each 
candidate solution is evaluated using the objective 
function defined in Section 3.3, where the electrical 
power output Pout is computed based on the system 
model. The fitness evaluation serves as the basis for 
comparing candidate solutions and guiding the search 
process toward optimal regions in the solution space. 

In the QHBM algorithm, the best-performing 
solution is designated as the queen bee. Other solutions 
migrate toward the queen’s position while maintaining 
diversity through random perturbations and local 
exploration mechanisms. This balance between 
exploitation and exploration enables the algorithm to 
efficiently search for the global optimum while avoiding 
premature convergence. The position update of each 
solution is iteratively performed until convergence 
criteria are satisfied. For comparison purposes, the same 
optimization framework is applied using PSO, where 
particles update their positions based on individual best 
and global best experiences. Both algorithms are 
executed under identical simulation conditions to 
ensure a fair performance comparison. 
 

 
Figure 2. Optimization procedure 

 
Figure 2 illustrates the overall optimization 

procedure applied in this study for maximizing the 
electrical power output of the wind power generation 
system. The process begins with the initialization of a 
population of candidate solutions, where each candidate 

represents a feasible operating condition of the system. 
Subsequently, the objective function is evaluated to 
determine the fitness value of each candidate based on 
the electrical power output. The algorithm then checks 
whether the convergence criteria have been satisfied. If 
the criteria are not met, the candidate solutions are 
updated using the QHBM algorithm, which guides the 
search process toward the best-performing solution 
through migration and exploration mechanisms. This 
iterative process continues until convergence is 
achieved, after which the optimal solution is returned as 
the final output.  

The optimization process terminates when either 
the maximum number of iterations is reached or the 
improvement in the objective function falls below a 
predefined threshold. The best solution obtained at 
termination is considered the optimal operating 
condition of the wind power system and is used for 
further performance analysis and discussion.  

The optimization process is subject to several 
operational constraints based on turbine design 
specifications. 

3 ≤ 𝑣 ≤ 15 m/s 

This range represents the typical wind conditions 
observed in Ambon and ensures that the analysis 
focuses on the most frequent operational region. 

ωmin ≤ ω ≤ ωmax 

0° ≤ β ≤ 45° 

The extended pitch range allows proper feathering 
control under high wind conditions. The turbine 
operates between: 

𝑣cut−in = 3 m/s 
𝑣cut−out = 25 m/s 

 
Although the dataset covers wind speeds up to 15 

m/s, the cut-out limit represents the turbine safety 
threshold under extreme conditions. 
 
QHBM Optimization Algorithm 

The optimization process is performed using the 
Queen Honey Bee Migration (QHBM) algorithm, a bio-
inspired metaheuristic method that mimics the 
migration behavior of queen bees in search of optimal 
habitats. 

The algorithm consists of two main search 
mechanisms: 
 
 
Exploration Phase 

During this phase, random perturbations are 
applied to generate new candidate solutions. This 
process increases population diversity and enables the 
algorithm to explore different regions of the search 
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space, helping to avoid premature convergence to local 
optima. 
 
Exploitation Phase 

In the exploitation phase, candidate solutions 
migrate toward the queen bee (best solution). This 
mechanism intensifies the search around promising 
regions and improves convergence toward the global 
optimum. 

The position update of each candidate solution can 
be expressed as: 

𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡+𝑟(𝑋𝑞𝑢𝑒𝑒𝑛 − 𝑋𝑖
𝑡) 

This combination of exploration and exploitation 
enables the QHBM algorithm to efficiently search 
complex nonlinear optimization problems such as wind 
turbine power maximization.  
 
Simulation Setup and Parameter Settings 

The simulation setup is designed to evaluate the 
performance of the proposed Queen Honey Bee 
Migration (QHBM) algorithm in optimizing the power 
output of the wind power generation system under 
realistic operating conditions. All simulations are 
conducted using the same computational environment 
to ensure a fair and unbiased comparison between 
QHBM and the benchmark Particle Swarm 
Optimization (PSO) algorithm. 

Wind speed data representing the characteristics of 
Ambon City are used as the primary input to the 
simulation model. These data are applied to the wind 
power system model described in the previous sections 
to compute the electrical power output for each 
candidate solution generated by the optimization 
algorithms. The operational limits of the wind turbine, 
including cut-in and cut-out wind speeds, are enforced 
throughout the simulation to maintain physical 
feasibility. 

The optimization parameters for both QHBM and 
PSO are selected based on commonly adopted values in 
the literature and preliminary tuning experiments. 
Parameters such as population size, number of 
iterations, and algorithm-specific coefficients are kept 
consistent across simulations to ensure a fair comparison 
of convergence behavior and solution quality. The 
stopping criteria are defined either by reaching the 
maximum number of iterations or by achieving 
negligible improvement in the objective function. 

All simulation parameters used in this study are 
summarized in Table 1, which provides detailed 
information on the wind turbine specifications, wind 
speed range, and optimization algorithm settings. This 
configuration ensures the reproducibility of the results 
and allows for a transparent assessment of the 
effectiveness of the proposed optimization approach. 

Table 1. Wind turbine system parameters 
Category Value 

Rotor Radius (m) 20.00 

Air Density (kg/m³) 1.23 

Cut-in Wind Speed (m/s) 3.00 

Rated Wind Speed (m/s) 10.00 

Cut-out Wind Speed (m/s) 25.00 

Wind Speed Range (m/s) 3.00 – 15.00 

Pitch Angle Range (°) 0.00 – 45.00 

Generator Type Permanent Magnet 
Synchronous Generator 

Rotor Radius (m) 20.00 

Air Density (kg/m³) 1.23 

Cut-in Wind Speed (m/s) 3.00 

Rated Wind Speed (m/s) 10.00 

Cut-out Wind Speed (m/s) 25.00 

Wind Speed Range (m/s) 3.00 – 15.00 

Pitch Angle Range (°) 0.00 – 45.00 

Generator Type Permanent Magnet 
Synchronous Generator 

 

Result and Discussion 
 
Optimization Performance of the QHBM Algorithm  

This study evaluates the performance of the Queen 
Honey Bee Migration (QHBM) algorithm in optimizing 
wind turbine operational parameters under varying 
wind speed conditions. The optimization process 
focuses on determining the optimal rotor angular speed 
(ω) and blade pitch angle (β) to maximize the extracted 
power. 

Figure 2 illustrates the convergence behavior of the 
QHBM algorithm compared with Particle Swarm 
Optimization (PSO). The results indicate that QHBM 
converges faster toward the optimal solution and 
maintains better stability during the search process. 

The improved convergence behavior is mainly 
attributed to the migration mechanism of the queen bee, 
which intensifies exploitation around the best candidate 
solution while maintaining exploration through 
stochastic perturbations. Similar characteristics of 
hybrid exploration–exploitation mechanisms have been 
reported to improve optimization performance in 
nonlinear energy systems (Kennedy & Eberhart, 1995; 
Liu et al., 2011; Yang, 2020; Santoso & Prabowo, 2021; 
Huda & Ardiansyah, 2022). 

The convergence behavior of the optimization 
algorithms is analyzed to evaluate their effectiveness in 
identifying the optimal operating conditions of the wind 
power generation system. In this study, the QHBM 
algorithm is compared with the Partical PSO algorithm 
using identical simulation settings and stopping criteria. 
The comparison focuses on the evolution of the best 
fitness value across iterations, which reflects the ability 
of each algorithm to maximize the normalized wind 
power output. 
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Figure 3. Convergence comparison of QHBM and PSO in 

maximizing wind power output 

 
Figure 3 presents the convergence curves of QHBM 

and PSO over the iterative optimization process. As 
observed, QHBM demonstrates a faster convergence 
rate during the early iterations, indicating a more 
effective exploration–exploitation balance. The 
algorithm rapidly improves the fitness value and 
reaches a near-optimal solution within a relatively small 
number of iterations. In contrast, PSO exhibits a slower 
improvement pattern, with gradual fitness enhancement 
and a longer convergence duration. This behavior 
suggests that PSO requires more iterations to stabilize 
due to its reliance on velocity and position updates 
influenced by global and local best positions. 
Furthermore, QHBM shows a smoother convergence 
trajectory with reduced oscillations in the fitness values, 
highlighting its superior stability during the 
optimization process. The migration mechanism 
embedded in QHBM allows the algorithm to escape 
local optima and intensify the search around promising 
regions more efficiently. On the other hand, PSO 
displays minor fluctuations in intermediate iterations, 
which can be attributed to particle velocity updates that 
occasionally overshoot the optimal region. 

The bar chart shows a Figure 4 comparison of the 
final best fitness values obtained by the QHBM and PSO 
algorithms after all optimisation iterations have been 
completed. It can be seen that the QHBM algorithm is 
able to achieve a higher final fitness value than PSO, 
indicating a more effective ability to explore and exploit 
solutions. A higher fitness value represents the level of 
suitability of the wind direction to the specified objective 
function, thus indicating that QHBM is more consistent 
in finding optimal solutions based on the analysed wind 
direction data. This difference in results also confirms 
that the migration and selection mechanisms in QHBM 

allow the algorithm to avoid local solutions and 
accelerate the achievement of optimal conditions. 
Meanwhile, PSO tends to experience limitations in 
maintaining fitness improvement in the final stage of 
iteration. Thus, the results of this bar graph reinforce the 
finding that QHBM has superior and more stable 
performance than PSO in the context of wind direction 
data-based optimisation. Overall, the convergence 
analysis confirms that QHBM outperforms PSO in terms 
of convergence speed, stability, and final fitness value, 
making it a more suitable optimization approach for 
wind power generation optimization in Ambon City. 
 

 
Figure 4. Final fitness comparison between QHBM and PSO 

optimization algorithms 

 
Power Output Comparison Under Different Wind Speeds 

This subsection presents a comparative analysis of 
the optimal electrical power output achieved by the 
wind power generation system when optimized using 
the proposed Queen Honey Bee Migration (QHBM) 
algorithm and the benchmark Particle Swarm 
Optimization (PSO) method. The comparison is 
conducted under identical wind speed profiles 
representing Ambon City’s coastal wind characteristics, 
with the primary objective of evaluating which 
algorithm yields higher and more consistent power 
extraction. 

Based on Figure 5(a), it can be seen that the QHBM 
algorithm consistently produces more optimal power 
output compared to PSO at various wind speeds from 6 
m/s to 14 m/s. In Figure 5(b), QHBM shows superior 
performance in all wind speed conditions, with an 
increasingly significant difference at medium to high 
wind speeds, where at a speed of 14 m/s, QHBM is 
capable of generating approximately 2.05 MW of power 
while PSO only reaches 1.90 MW. The graph on the right 
shows the percentage increase of QHBM over PSO, 
where the greatest advantage occurs at low wind speeds 
of 6 m/s with an improvement of 22%, then gradually 
decreases as the wind speed increases to around 9% at a 
speed of 14 m/s. This indicates that QHBM has more 
effective optimisation capabilities, especially in low to 
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medium wind speeds, which are common operating 
conditions in wind turbine systems. Therefore, the 
application of the QHBM algorithm can contribute 
significantly to improving the efficiency and 
productivity of wind power plants.  
 

 
(a) (b) 

 

Figure 5. Final fitness comparison between QHBM and PSO 
optimization algorithms 

 
The simulation results, derived from 30 

independent runs for each algorithm, demonstrate that 
QHBM consistently achieves a higher average optimal 
power output compared to PSO. At a representative 
wind speed of 10 m/s, the system optimized with 
QHBM produces an average output of 1.24 MW, 
whereas PSO achieves 1.07 MW, representing a 15.9% 
improvement. The optimization results were evaluated 
for several wind speed conditions representing typical 
coastal wind profiles in Ambon. Table 2 presents the 
comparison of electrical output power obtained using 
the QHBM and PSO algorithms. 
 
Table 2. Wind turbine power output under different 
wind speeds 
Wind Speed (m/s) QHBM Power (MW) PSO Power (MW) 

6.00 0.42 0.34 

8.00 0.79 0.71 

10.00 1.24 1.18 

12.00 1.50 1.45 

14.00 1.50 1.50 

 
The results show that QHBM consistently produces 

higher power output compared with PSO, particularly 
at low to medium wind speeds. At a wind speed of 6 
m/s, the QHBM algorithm achieves a power output 
improvement of approximately 19–22% compared with 
PSO. 

This improvement occurs because the power 
coefficient surface Cp(λ,β) contains several local optima 
under fluctuating wind conditions. The PSO algorithm 
may converge prematurely to a suboptimal point, while 
the migration-based search strategy in QHBM helps 
escape local optima. 

At wind speeds above the rated wind speed (10 
m/s), the turbine operates in Region III, where pitch 
control limits the output power to protect the generator. 
As a result, the power output stabilizes around the rated 
power value of 1.50 MW. 

This behavior confirms that the implemented 
control system includes power limiting through pitch 
regulation, which prevents excessive mechanical 
loading on the turbine system (Burton et al., 2011). 

The standard deviation of the optimal power output 
for QHBM was measured at 0.018 MW, compared to 
0.034 MW for PSO, confirming the former’s higher 
robustness. Figure 6 further illustrates the optimal 
power output trajectories for both algorithms under a 
dynamic wind profile. QHBM not only reaches a higher 
steady-state power level but also responds more rapidly 
to wind speed changes, minimizing power loss during 
transition periods. 

A comparative analysis of the performance of the 
QHBM and PSO algorithms shows the superiority of 
QHBM in optimising wind turbine power output in real 
time. The tracking graph shows that the QHBM 
consistently remains above PSO, especially in the 
QHBM Advantage Zone, with wind speeds fluctuating 
predominantly in the optimal zone of 6-14 m/s. The 
instantaneous performance advantage histogram shows 
that QHBM dominates most of the operational duration 
compared to PSO. Quantitative data confirms the 
superiority of QHBM with an average power of 0.212 
MW vs 0.193 MW for PSO, peak power of 0.640 MW vs 
0.565 MW, lower standard deviation (0.1820 vs 0.1572) 
indicating superior stability, total energy of 0.32 MWh 
vs 0.29 MWh, tracking efficiency of 100.7% vs 100.0%, 
and faster response time (1.5 minutes vs 3.5 minutes), 
proving that QHBM not only generates higher power 
but is also more responsive and stable in dealing with 
wind speed dynamics. In summary, the QHBM 
algorithm significantly outperforms PSO in maximizing 
the electrical power output of the wind generation 
system in Ambon City, offering both higher efficiency 
and greater operational stability under realistic wind 
conditions. 
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Figure 6. Optimal power output trajectory under variable wind speed QHBM and PSO 

 
Statistical Performance Analysis 

A comprehensive statistical evaluation was 
conducted to quantitatively assess the performance 
differences between the Queen Honey Bee Migration 
(QHBM) algorithm and the benchmark Particle Swarm 
Optimization (PSO) method. This analysis encompasses 
descriptive statistics, inferential testing, and 
multivariate examination across 30 independent 
simulation runs for each wind speed condition, ensuring 
robust and reliable performance comparisons. 

The efficiency of the optimization algorithm is 
evaluated using the Maximum Power Point Tracking 
(MPPT) tracking efficiency, defined as:  

ηMPPT =
Palgorithm

Pmax

× 100% 

Table 3 presents the statistical performance 
comparison between QHBM and PSO based on 30 
independent simulation runs. 

Table 3 presents the results show that QHBM 
produces a lower coefficient of variation (CV) across all 
wind speeds, indicating better solution stability 
compared with PSO. 
 
 
 
 

Table 3. Statistical performance comparison of 
optimization algorithms 
Wind Speed 
(m/s) 

Algorithm 
Mean Power 

(MW) 
Std. Dev. CV (%) 

6.00 QHBM 0.42 0.02 4.82 

6.00 PSO 0.34 0.04 11.76 

8.00 QHBM 0.79 0.03 4.10 

8.00 PSO 0.71 0.07 9.86 

10.00 QHBM 1.24 0.05 4.03 

10.00 PSO 1.18 0.09 7.63 

12.00 QHBM 1.50 0.06 4.00 

12.00 PSO 1.45 0.10 6.89 

 
The MPPT tracking efficiency achieved by QHBM 

reaches approximately 96–98%, while PSO achieves 
around 92–95% depending on wind conditions. These 
values indicate that the QHBM algorithm is capable of 
maintaining operation near the theoretical maximum 
power point without exceeding the physical efficiency 
limits of the system. 

Beyond central tendency measures, variability 
analysis reveals crucial insights into algorithm stability. 
The coefficient of variation (CV) for QHBM remained 
consistently below 6% across all wind speeds, with the 
lowest value of 4.5% observed at 10 m/s. In contrast, 
PSO exhibited substantially higher variability, with CV 
values ranging from 8.3 to 15.2%. This 2-3 times 
reduction in relative variability indicates QHBM's 
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superior robustness against stochastic wind 
fluctuations, a critical advantage for grid stability in 
island power systems. 
 

 
Figure 7. Mean power output with 95% confidence intervals 

 
The 95% confidence intervals for mean power 

outputs, illustrated in Figure 7, provide additional 
evidence of QHBM's reliability. QHBM's confidence 
intervals were consistently narrower (average width = 
0.125 MW) compared to PSO (average width = 0.248 

MW), indicating higher estimation precision. More 
importantly, the non-overlapping nature of these 
intervals across all wind speeds provides graphical 
confirmation of statistically distinct population means. 

The statistical analysis yields several practical 
implications for wind power system design in Ambon 
City. First, the combination of higher mean outputs and 
lower variability suggests that QHBM-optimized 
systems could achieve higher capacity factors with 
reduced reserve margin requirements. Based on the 
observed performance distributions, systems employing 
QHBM could potentially operate with 15-20% lower 
spinning reserve allocations while maintaining 
equivalent reliability levels. 
 
Analysis under Wind Speed Variations 

The dynamic performance of wind power 
optimization algorithms under varying wind conditions 
is critical for practical implementation in Ambon City's 
coastal environment. This section analyzes the 
performance of the QHBM and PSO algorithms across 
three distinct wind speed profiles representative of local 
meteorological patterns. 

 

 
 

Figure 8. Three wind speed profiles (Gradual Diurnal, Gusty Conditions, Stochastic Realistic) 
 
Figure 8 illustrates the three wind speed profiles 

used in this analysis: Profile A (Gradual Diurnal 
Variation) simulates typical daily wind patterns with 
smooth transitions; Profile B (Gusty Conditions) 
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represents sudden wind gusts and lulls characteristic of 
coastal microclimates; and Profile C (Stochastic Realistic 
Profile) incorporates both deterministic trends and 
random variations based on actual Ambon City wind 

data. These profiles were designed to test algorithm 
performance across different temporal scales and 
variation amplitudes. 

 

 
Figure 9. Comparison of QHBM vs PSO output power for profile A 

 
The power output comparison for Profile A Figure 

9 reveals significant performance differences between 
the algorithms. QHBM achieved an average power 
output of 0.840 MW with a standard deviation of 0.689, 
while PSO produced 0.662 ± 0.645 MW, representing a 
27.0% improvement for QHBM. This substantial 
advantage during gradual diurnal variations 
demonstrates QHBM's superior ability to track slowly 
evolving optimal operating points, a crucial capability 
for maximizing energy capture during typical daily 
wind cycles in Ambon City. 

Table 4 presents comprehensive performance 
comparisons across different wind regimes and 
variation types, providing detailed insights into 
algorithm behavior under specific conditions. The data 
reveals that QHBM maintains consistent tracking 
efficiency advantages across all wind regimes, with 
particularly pronounced improvements under gusty 
conditions. At low wind speeds (3-6 m/s) with gusty 
variations, QHBM achieves 92.3% tracking efficiency 

compared to PSO's 76.7%, representing a 15.6% absolute 
improvement. This enhanced performance during 
turbulent conditions is especially valuable for Ambon 
City's coastal environment, where sea breeze effects 
frequently create such wind patterns. 
 
Table 4. Performance comparison between optimization 
algorithms 
Wind Speed 
(m/s) 

QHBM Mean 
Power (MW) 

PSO Mean 
Power (MW) 

Improvement 
(%) 

6.00 0.42 0.34 19.05 

8.00 0.79 0.71 10.13 

10.00 1.24 1.18 4.84 

12.00 1.50 1.45 3.33 

14.00 1.50 1.50 0.00 

Discussion of Wind Speed Influence 
Wind speed plays a crucial role in determining the 

performance of wind turbine systems. Unlike yaw 
control systems that regulate turbine orientation based 
on wind direction, the optimization variables used in 
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this study are directly related to wind speed variations, 
which influence the optimal tip speed ratio and blade 
pitch angle. 

The simulation results demonstrate that the QHBM 
algorithm performs particularly well under low-speed 
wind conditions, where the aerodynamic power surface 
becomes highly nonlinear. Under such conditions, 
conventional algorithms may struggle to maintain the 
optimal tip speed ratio due to small variations in rotor 
speed. 

Furthermore, coastal environments such as Ambon 
are characterized by highly stochastic wind speed 
fluctuations, particularly during monsoon transitions. 
Optimization algorithms with strong exploration 
capabilities are therefore advantageous in maintaining 
stable power extraction (Manwell et al., 2010). 

The migration behavior in QHBM enables the 
algorithm to continuously refine candidate solutions 
while preserving population diversity, which 
contributes to improved MPPT performance under 
stochastic wind conditions. 
 

Conclusion  
 

This study investigated the application of the Queen 
Honey Bee Migration (QHBM) algorithm to optimize 
wind turbine operational parameters under varying 
wind speed conditions in Ambon City. The optimization 
focused on determining the optimal rotor angular speed 
(ω) and blade pitch angle (β) in order to achieve the 
optimal tip speed ratio and maximize the extracted wind 
power. The simulation results demonstrate that the 
QHBM algorithm provides improved optimization 
performance compared with Particle Swarm 
Optimization (PSO). The proposed method achieves 
higher power extraction, particularly under low-to-
medium wind speed conditions, where nonlinear 
aerodynamic characteristics often create multiple local 
optima in the power coefficient surface. The migration 
mechanism in QHBM enhances the balance between 
exploration and exploitation, enabling the algorithm to 
avoid premature convergence and maintain stable 
optimization performance. The obtained results show 
that the QHBM algorithm can achieve MPPT tracking 
efficiencies in the range of approximately 96–98%, 
indicating that the algorithm is capable of maintaining 
operation close to the theoretical maximum power point. 
In addition, the lower output variability produced by 
QHBM contributes to smoother power injection, which 
may help reduce the frequency regulation burden in 
island-based power systems. Overall, the results 
indicate that the QHBM algorithm is a promising 
optimization approach for improving wind turbine 
performance in coastal environments characterized by 

stochastic wind speed variations, such as those observed 
in Ambon. For future research, several directions can be 
explored. First, the proposed optimization method can 
be extended to hybrid renewable energy systems, such 
as wind–solar integrated systems. Second, the algorithm 
can be tested using real wind measurement datasets to 
evaluate its robustness under highly turbulent wind 
conditions. Finally, integrating the optimization 
algorithm with advanced inverter control and energy 
storage systems may further enhance the stability and 
reliability of renewable energy generation in island-
based power grids. 
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   P wind =  1 2 ρ A   v 3


   P out =  1 2 ρ A   v 3  C p  ( λ , β )


  λ =   ω R  v


   max ⁡  f  ( x ) =  P out  ( λ , β )


  x =  [ λ , β ]


   λ min ≤ λ ≤  λ max


   β min ≤ β ≤  β max


   β min ≤ β ≤  β max


    v  cut − in ≤ v ≤   v  cut − out


  x =  [ λ , β ]


  3 ≤ v ≤ 15


   ω min ≤ ω ≤  ω max


  0 ° ≤ β ≤ 45 °


  0 ° ≤ β ≤ 45 °


    v  cut − in = 3


    v  cut − out = 25


    X  i  t + 1 =   X  i  t + r  (   X  q u e e n −   X  i  t )


   η MPPT =    P algorithm   P max × 100 %

