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Abstract: This study introduces a novel adjustment to the firefly algorithm (FA) through the integra-
tion of rare instances of cannibalism among fireflies, culminating in the development of the honeybee
mating-based firefly algorithm (HBMFA). The IEEE Congress on Evolutionary Computation (CEC)
2005 benchmark functions served as a rigorous testing ground to evaluate the efficacy of the new
algorithm in diverse optimization scenarios. Moreover, thorough statistical analyses, including two-
sample -tests and fitness function evaluation analysis, the algorithm’s optimization capabilities were
robustly validated. Additionally, the coefficient of determination, used as an objective function, was
utilized with real-world wind speed data from the SR-25 station in Brazil to assess the algorithm’s
applicability in modeling wind speed parameters. Notably, HBMFA achieved superior solution
accuracy, with enhancements averaging 0.025% compared to conventional FA, despite a moderate
increase in execution time of approximately 18.74%. Furthermore, this dominance persisted when
the algorithm’s performance was compared with other common optimization algorithms. However,
some limitations exist, including the longer execution time of HBMFA, raising concerns about its
practical applicability in scenarios where computational efficiency is critical. Additionally, while the
new algorithm demonstrates improvements in fitness values, establishing the statistical significance
of these differences compared to FA is not consistently achieved, which warrants further investigation.
Nevertheless, the added value of this work lies in advancing the state-of-the-art in optimization
algorithms, particularly in enhancing solution accuracy for critical engineering applications.

Keywords: parameter identification; metaheuristic optimization; wind energy; sustainable development
goal 7; statistical analysis

1. Introduction

Renewables are a new dawn in energy production, having demonstrated practicality
and efficacy. They are projected to surpass coal, the largest global source of electricity
generation, by early 2025 [1]. According to the International Energy Agency (IEA), nearly
60% of the newly installed power capacities by 2040 will be clean and renewable energy
technologies [2]. The Sun, as the most environmentally friendly power source, converts
approximately 1-2% of its intensity reaching Earth into wind energy, accounting for around
10 million megawatts [3]. Perez and Perez estimated that the global wind potential is
five times greater than that of a fully electrified global future scenario [4]. Therefore, this
tremendous energy reservoir should be harnessed if a sustainable and better world is the
overriding target. Wind technologies are green and mature power producers that have
shown their effectiveness in producing electricity. They are continuously experiencing
increases in their total installed capacity, as demonstrated in Figure 1, provided by the
Global Wind Energy Council (GWEC) in their 2023 report [5]. The figure indicates a
recent decline in added capacity over the last two years, attributed to delayed project
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commissioning caused by COVID-19 restrictions; however, experts anticipate a rebound [6].
The GWEC’s report highlights a total global installed wind capacity of 906 GW, with
onshore turbines dominating and offshore technology concentrated in Europe and the
Asia-Pacific region, representing 99% of global installations [5]. In a related study, Tong
et al. explored the reliability of renewable energy technologies in 42 countries, addressing a
significant concern associated with clean energy machinery. Their findings indicate that
wind systems are the most reliable electricity generators, capable of meeting 72-91% of the
countries” demand in hours [7].
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Figure 1. Global new wind power capacity [5].

Wind resource assessment is pivotal during the planning phase, particularly for large-
scale projects involving multiple megawatts. In other words, evaluating the wind potential
at the candidate site is essential, relying on a comprehensive range of models [8]. Paramet-
ric statistical distribution models have long been established to represent or characterize
wind speed, serving as a milestone in evaluating the resource efficiency of a prospective
area [9]. The most widely used models for this purpose in the literature include Exponential,
Gamma, Generalized Extreme Value, Inverse Gaussian, Lognormal, Rayleigh, and Weibull
distributions [10,11]. Generally, these frequently used parametric models are categorized
into unimodal, where only one model is utilized (such as those mentioned above), and mul-
timodal, which involves a combination of the same models, such as the Gamma—Weibull
or the Weibull-Weibull models [12,13]. The two-parameter Weibull distribution model,
initially introduced by the Swedish physicist Weibull [14], stands out as the most utilized
model in the pertinent literature for characterizing wind speed across diverse global loca-
tions [15-18]. This preference is attributed to its straightforward and highly flexible density
functions, along with efficiently calculable parameters [19]. However, a notable limitation
of this renowned statistical distribution model lies in its inability to effectively forecast
or fit low wind speeds below 2 m/s, commonly referred to as null wind speeds. In such
instances, the three-parameter Weibull distribution proves to be more effective than the
conventional two-parameter model [20]. It is worth noting that Wang and Okaze showed
that the two and three-parameter models described the strong winds around tall buildings
with the same accuracy [21].

Among the numerous methods employed for estimating the parameters of statisti-
cal distribution models, numerical methods, notably the maximum likelihood method
(MLM), the least squares method (LSE), and the method of moments (MOM), are com-
monly used [22-26]. Additionally, artificial intelligence (AI) methods, primarily driven
by heuristic algorithms, have demonstrated superiority over other methods in terms of
solution accuracy and wind speed characterization [27-32]. In this category, the Cuckoo
Search (CS) algorithm was the most frequently used [33,34] followed by, in some cases, the
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genetic algorithm (GA) [35-37]. Figure 2 shows the share of each parameter estimation
method in 46 studies reviewed by Jung and Schindler [38]. Furthermore, the literature
presents various innovative machine learning approaches aimed at achieving similar objec-
tives in wind speed forecasting, such as long short-term memory (LSTM) neural networks
fine-tuned using the modified reptile search algorithm [39]. Notably, efforts such as those
by Ala et al. [40] have examined and ranked off-the-shelf algorithms based on their ability
to generate highly accurate solutions for optimization problems in the field of wind energy.
The typical objective functions employed with metaheuristic algorithms to address mini-
mization optimization problems include the root mean square error (RMSE) [41-44] or the
mean square error (MSE) [45,46]. In some instances, researchers relied on maximizing the
objective function. For example, Guedes et al. used the coefficient of determination (R?)
to identify the relevant distribution model parameters [47], and Shin et al. maximized the
log-likelihood function [48].
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Figure 2. Share of the parameter estimation method in 46 literature studies [38].

The firefly algorithm (FA), inspired by the bioluminescent communication between
fireflies [49], is considered an essential tool in the swarm intelligence category. It is char-
acterized by its simplicity, flexibility, and proven efficacy against different optimization
problems [50]. However, it is also known for issues such as stagnation, often associated with
unbalanced exploration and exploitation [51], slow convergence or solution speed [52,53],
and high dependence on control parameters [54]. To address these flaws, extensive research
has been conducted to either hybridize or improve the classic algorithm, seeking variants
with better performance [55-57]. Figure 3, adapted from the work of Kumar and Ku-
mar [58], illustrates a general template for all FA variants. Rizk-Allah et al. hybridized ant
colony optimization with FA to benefit from the former’s merits in improving exploration
by initializing the ants that wander the entire search space [59]. The resulting algorithm
demonstrated comparable performance to other algorithms when solving benchmark op-
timization problems. Fister et al. reviewed chaos map-enhanced FA algorithms, which
led to high population diversity and improved exploration [60]. Wang et al. introduced
an FA algorithm with adaptive control parameters that produced comparable results to
other famous FA variants when tested with benchmark functions [54]. Hassan developed
a chaotic sine—cosine FA that overcame the computational complexity of the standard
algorithm, tested against benchmark functions, as customary in this research line [53].
Ghasemi et al. introduced an enhanced version of the FA that uses different movements
to improve global exploration, adding more strength to the algorithm in facing complex
engineering problems [61]. On the exploitation side, Bazi et al. developed a fast version
of the FA in which the convergence to the optimal solution was faster than the basic one,
while solution accuracy was almost maintained. These results were obtained after testing
the algorithm with benchmark functions [62]. Altabeeb et al. introduced a hybrid version
of FA that integrates local search and genetic operators to achieve fast convergence and
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highly accurate solutions. When tested using benchmark datasets, this new hybridization
outperformed other innovative FA approaches [63]. Wang et al. incorporated a probability
method similar to that in this research, which depends on the fitness value obtained from
the classic FA to accelerate convergence. The newly developed FA algorithm was tested
against recognized benchmark functions and proved superior performance [64].

Many applications have relied on the FA to identify the parameters of their relevant
models, such as the hybrid model of the solar charging station [65], the capacitated vehicle
routing problem [63], civil engineering, meteorological optimization, and other relevant
engineering applications [58]. It is worth mentioning that the FA algorithm and its variants
are not commonly used in wind energy research, with a few exceptions, such as the work
conducted by Younis et al. to forecast wind speed based on data from Khartoum, Sudan [66];
and the study by Shan et al., where they developed a hybrid FA variant used to tune the
parameters of a variable pitch wind turbine PID controller [52].
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Figure 3. Universal structure of the firefly algorithms.

The current study utilizes the honeybees mating optimizer (HBMO) annealing function
to calculate a conditional value representing the small proportion of firefly insects that
engage in cannibalism instead of mating. This intricate simulation of biotic interactions
between organisms leads to the development of a more robust algorithm in terms of
solution accuracy, termed the honeybees mating-inspired firefly algorithm (HBMFA). This
algorithm represents a significant step towards garnering attention for firefly algorithm (FA)
variants, especially for those seeking straightforward implementation in future optimizers.
The methodology of this work focuses on determining the value of this function and
integrating it as a condition in the algorithm structure. The newly introduced statement
compares the calculated value with an empirical reference value obtained through extensive
experimentation or fine-tuning, representing the segment of flesh-eating fireflies. The
efficacy of the HBMFA was evaluated through various experiments, including testing on
benchmark functions. Statistical analyses, such as two-sample t-tests and fitness function
evaluations, were conducted to validate the optimization capabilities of the algorithm. The
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study also involved comparing the performance of HBMFA with conventional FA and
other optimization algorithms. Additionally, a real-world application using wind speed
data from Station SCR-25 in Sao Joao do Cariri, Brazil, in 2008 [47], was conducted to
assess the algorithm’s effectiveness, fine-tune control parameters, and achieve optimal
solution accuracy for wind speed characterization. The significant contribution of this
study is bridging the gap in developing optimization algorithms for wind speed forecasting,
aiming for improved accuracy, robustness against various factors such as changing weather
conditions and terrain features, and computational efficiency for real-time applications.
This endeavor involves effectively incorporating algorithmic modifications and establishing
benchmark datasets for fair comparisons. Addressing this research void will not only
enhance wind speed forecasting accuracy but also contribute to the more efficient utilization
of renewable energy sources. Specifically, employing this innovative FA variant to achieve
an accurate global best solution maximizing R? as an objective function exemplifies this
effort to narrow the disparity.

Therefore, the remaining sections of this article are organized as follows: Section 2
introduces the new metaheuristic algorithm and the objective function used throughout the
study. Section 3 showcases the wind speed model and benchmark data functions, Section 4
presents and discusses the results, and Section 5 concludes.

2. Firefly-Based Algorithms
2.1. Objective Function

The coefficient of determination (R?), represented by Equation (1) [67,68] is used
here as an objective function for the maximization problem intended to be solved using
the HBMFA. The range of variability for this coefficient is between 0 and 1, with the
upper bound representing the optimal value. R? is highly interpretable and facilitates
the comparison between different models and their selection. However, some limitations
exist, such as the coefficient’s sensitivity to outliers and its inappropriateness when facing
nonlinearity [69]. According to Guedes et al., the maximization of R? resulted in the best
solution in 55.68% of cases, which led the research team to endorse its equation as the
objective function for characterizing their wind speed data based on different statistical
distribution models [47]. In the current work, the authors also maximize R? between
the observed and predicted CDF values based on the same wind data to enhance the
algorithm’s assessment by comparing the obtained results with those presented by earlier
researchers, employing proper goodness of fit measures.

Yiy (F—F)° — Y (F—F)?

R* = - L
i:l(Fi_F)

(1)

where F; is the observed CDF, F; is the predicted CDF, F is the mean value of the ob-
served CDF.

2.2. Standard Firefly Algorithm

The biotic behavior of fireflies is as complicated as that of other species, making it
necessary to establish some assumptions for developing an algorithm that mimics the
swarm intelligence of these beetles [49,60]:

1. The fireflies are unisex.
2. The attractiveness is proportional to the firefly’s brightness.
3. The fitness value is the indicator of the brightness.

As with other metaheuristic algorithms, the initialization of the first generation or
population is accomplished using Equation (2) [66,70], as shown in Figure 4 [70]. This is
followed by the FA update function given in Equation (3), which represents the move-
ment of the i firefly towards j firefly, in which the distance between them (r;;) is given in
Equation (4) [71]. It should be briefly noted here that the primary control parameters in the
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basic FA, which directly influence the algorithm, include the randomization parameter («)
typically static but with a dynamic version in some FA variants [72]; the light absorption
coefficient (y); and the attractiveness (), often denoted as By when there is no distance
between fireflies (i.e., when r = 0) [50]. Figure 5 provides the pseudo-code of the classic
FA [50,66].

X; =1b+rand x (ub —1b) (2)

— 2
XET = XE o poe T (Xt. _ X;) +a; € x|ub—Ib| (3)

D
rij = J Y (X — xi,m)2 (4)

where X; is the candidate solution, ub is the upper bound, Ib is the lower bound, rand
is a random number between 0 and 1, € is a random number drawn from the Gaussian
distribution, x; ,, is the mth component of X; or the design variable.
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Figure 4. (Left) Initial location of 25 Fireflies, (Right) fireflies locations after 20 iterations [70].

2.3. Honeybees Mating Inspired Firefly Algorithm (HBMFA)

The current work implements an algorithm hybrid from the standard FA with some
features of the HBMO for wind speed characterization. The HBMO was first introduced by
Haddad et al. to simulate the mating event between the bee queen and a drone, yet another
swarm-intelligence algorithm comparable in performance to the genetic algorithm [73].
The probabilistic mating between the queen and any random drone is described by the
annealing function in Equation (5) [73,74]. The importance of this equation to this effort is
that it represents the marginal percentage of this intraspecies mating event to occur, which is
analogous to the rare occasion of a female firefly, also known as femmes fatales fireflies [75],
feeding on males from other firefly-species instead of breeding after luring one in using
the exact brightness attractiveness mechanism, as shown in the photograph in Figure 6.
Accordingly, this algorithm incorporates a fourth biotic interaction, which accounts for
rare incidences of cannibalism in addition to the three behaviors listed in the standard FA
above. Henceforth, the developed HBMFA adheres to the algorithmic flowchart outlined
in Figure 7, which involves the removal of consumed fireflies and the introduction of new
ones. Additionally, Figure 8 presents the pseudocode of the innovative algorithm. To
clarify, the HBMFA incorporates an additional step following the update of firefly positions,
contingent upon the probability derived from the annealing function. Specifically, if this
probability surpasses a predetermined mating threshold, the algorithm decides whether to
introduce new fireflies to compensate for consumed ones. Alternatively, if the probability
falls below this threshold, this step is skipped. The control parameters detailed in Table 1
were fine-tuned to optimize their values for achieving the best solution. The selection of a
mating threshold percentage of 99.99% (i.e., annealing function probability > 99.99% in the
maximization problem) is justified by the rarity of the cannibalism occurrence. Additionally,
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the number of fireflies was determined based on available wind speed data points and their
corresponding speed classes, as delineated in Table 2.

(
Probability = e 5

A(F)

! (5)
where A(F) is the absolute fitness difference between the queen and the drone of firefly i
and firefly j, S(t) is the speed of the queen or the pair-eater firefly and is assumed to be a
random number between 0 and 1.

BEGIN

INPUT Objective function based on Eqg. (1) : f (x)

GENERATE
Xi= (i=1,2,..,n)or X=(X1,X2,.., Xn)

EVALUATE f (x;)

FORMULATE light intensity Ii;= £ (xi)

WHILE termination condition not reached DO

FOR i=1:n

FOR j=1:n (all n fireflies)

an initial population based on Eg. (2) :

(all n fireflies)

IF (Ii<Ij) THEN
COMPUTE attractiveness based on Eqg. (3) and Eqg. (4)
MOVE firefly i towards j

END IF

EVALUATE new solutions and update the light intensities

END FOR
END FOR
RANK the fireflies and find the current best

END WHILE

RETURN global best solution X*

Figure 5. An algorithm (Pseudo-code) of the basic FA for the maximization problem [50,66].

Table 1. Control parameters for the FA and HBMFA algorithms.

Parameter Value

n 13 fireflies

D 2

b 0

ub 13

2% 0.1

€ —0.5t0 0.5

Bo 1

¥ 0.01
Threshold percentage 99.99%
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Figure 6. Female Photuris firefly feeds on a small male Photinus firefly (photo by Professor James

E. Lloyd).

Population Initialization

A A

Fitness Evaluation

P(x) < Mating threshold

Cannibalism

Probability P(x)

Stop Criterion Update L >

YES P(x) > Mating threshold

Global Best Solution New Fireflies

Figure 7. Flowchart of the HBMFA.
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BEGIN

GENERATE
(i=1,2,..,n)or X=(X1,Xs,..

initial
+ Xn)

an
Xi=

EVALUATE f (xi)
FORMULATE light intensity Ii= £ (xi)
FOR i=1:n (all n fireflies)
FOR j=1:n
IF

(Ii<Ij) THEN

END IF

END IF

END FOR

END FOR
RANK the fireflies and find the
END WHILE

RETURN global best solution X*

INPUT Objective function based on Eqg. (1) :

WHILE termination condition not reached DO

(all n fireflies)

COMPUTE attractiveness based on Eqg. (3)
MOVE firefly i towards j
COMPUTE annealing function probability based on Eqg. (5)
IF Probability > Mating threshold THEN

GENERATE new firefly x;

EVALUATE new solutions and update the light intensities

f(x)

population based on

Eqg.

and Eq. (4)

current best

Figure 8. An algorithm (Pseudo-code) of the HBMFA for the maximization problem.

3. Wind Speed Modeling
3.1. Weibull Distribution

The two-parameter Weibull frequency distribution model, represented by its proba-
bility (PDF) and cumulative (CDF) density functions, is the most popular in wind energy
research and industry for characterizing and forecasting wind speed [20,76,77]. The PDF
(f) of this distribution is given by Equation (6), the CDF (F) by Equation (7), and the mean
(1) and variance (0?) are given by Equation (8) and Equation (9), respectively [66,78].

vk
<)

(6)

k-1
c\C

(7)
(8)

©)
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where V > 0 is the wind speed (m/s), T'() is the Gamma function, and k > 0 and ¢ > 0 are
the shape and scale (m/s) parameters, respectively.

Table 2. SR-25 station wind speed data for 2008 [79].

Wind Speed Average Wind Frequenc Frequency (;:?tljrtllcve
Class (m/s) Speed (m/s) 9 y Percentage 9 y
Percentage
0.01-1.00 0.613 1190 2.25935% 2.25935%
1.01-2.00 1.548 3188 6.05278% 8.31213%
2.01-3.00 2.549 5239 9.94684% 18.25897%
3.01-4.00 3.519 7491 14.22252% 32.48149%
4.01-5.00 4.502 8205 15.57813% 48.05962%
5.01-6.00 5.498 7959 15.11107% 63.17069%
6.01-7.00 6.490 6833 12.97323% 76.14391%
7.01-8.00 7.480 5532 10.50313% 86.64705%
8.01-9.00 8.473 3757 7.13309% 93.78014%
9.01-10.00 9.454 2156 4.09341% 97.87355%
10.01-11.00 10.401 915 1.73723% 99.61078%
11.01-12.00 11.324 185 0.35124% 99.96203%
12.01-13.00 12.408 20 0.03797% 100%

3.2. Benchmark Data

The SR-25 station dataset was obtained from the online databank of the Brazilian
National Environmental Data Organization System (SONDA) [79]. The wind speed data
recorded by the 50 m height anemometer was averaged every 10 min for the Sao Joao Do
Cariri station (SR-25) from that data network for 2008. This specific dataset is the same
one used by Guedes et al. [47] in their analysis, enabling a comparative investigation as
intended in this paper. The table categorizes the wind speed and provides the average
for each category, along with the corresponding frequency, frequency percentage, and
cumulative frequency percentage. It is worth noting that the SONDA database was vali-
dated according to the quality control protocol adopted by the Baseline Surface Radiation
Network (BSRN) [80].

3.3. Benchmark Functions

Given that the HBMFA algorithm is a variant of the FA used in this study for extracting
parameters of the two-parameter Weibull distribution model, it was important to choose
functions from the IEEE Congress on Evolutionary Computation (CEC) 2005 benchmark
suite that closely resemble the characteristics of wind speed data and are suitable for
parameter estimation tasks. Specifically, functions that are multimodal, non-linear, and
share characteristics similar to real-world data were sought. Based on these considerations,
the following functions were deemed suitable for testing the algorithm [81]:

1.  CEC 2005 Function 11 (Shifted Rotated Weierstrass Function):

f(x) = Zil {Zf:o a* cos (27rbk(xl- — oi)) — Z}f:o a* cos(ﬂbk)} (10)

where x represents the input vector of dimension D, a and b where a € (0,1) and
b € (1,10), and K is the number of harmonics and is typically set to 20, o is the shifted
global optimum vector.

2. CEC 2005 Function 12 (Schwefel’s Problem 2.13):

F(x) = 4189829 - D — i (xl- - sin(M)) (11)

i=1
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3. CEC 2005 Function 13 (Expanded Extended Griewank’s plus Rosenbrock’s Func-
tion (F8F2):

x? ; X
flx) = 21’21 [<400 > —Hj:1 cos(\%) +1

4. CEC 2005 Function 14 (Shifted Rotated Expanded Scaffer’s F6):

2
2
D-1 X7 — Xip1
+3Y ., |100 (’1001) + (x; —1)? (12)

1 D-1

fx) = mzizl (8(zi,ziv1) + 8(2zD,21)) + fonifted (13)

si1r12 ( Zi2+2i2+1 ) —0.5
[1+0.001 (z12+z12+1)]2
1

where z; = x; — 0;, §(2;,zi41) = ,and fgnisreq denotes the shifted

global optimum.

4. Results and Discussion

The provided results in Table 3 detail the testing of two optimization algorithms,
HBMFA and FA, on the four CEC 2005 benchmark functions (i.e., Function 11 to Func-
tion 14). Both algorithms achieved similar best fitness values for each function, indicating
comparable performance in optimizing them. However, it is notable that HBMFA consis-
tently demonstrated slightly better performance in terms of best fitness values compared
to FA across all tested functions, suggesting its potential for more accurate optimization
results. Conversely, FA consistently exhibited faster execution times compared to HBMFA
across all tested functions, reflecting its superior computational efficiency.

Table 3. Summary of Optimization Results: HBMFA vs. FA on CEC 2005 benchmark functions.

Function Algorithm Best Fitness Time [s]

11 HBMFA 0.9999981963510257  0.015956401824951172
FA 0.9999981963515576  0.012964487075805664

12 HBMFA 0.9999981964017812 0.01695418357849121
FA 0.999998196401848 0.01295924186706543

13 HBMFA 0.999998196401848 0.015957117080688477
FA 0.999998196401848 0.012967824935913086

14 HBMFA 0.999998196401848  0.013957023620605469
FA 0.999998196401848 0.012965917587280273

Furthermore, convergence graphs and box plots of the CEC benchmark functions
over independent runs were generated to gain deeper insights into the optimization pro-
cess. Figures 9-12 depict convergence charts illustrating the progression of the relevant
function’s best fitness value over iterations or function evaluations for both HBMFA and
FA algorithms. These figures provide visualized information about their convergence
behavior and speed. Additionally, Figure 13 shows box plots summarizing the distribution
of the CEC functions’ values obtained from multiple independent runs of the algorithms,
allowing for a quantitative assessment of their performance in terms of solution quality
and robustness.
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Figure 9. Convergence chart showing the optimization progress of HBMFA and FA algorithms on

CEC 2005 Function 11.
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Figure 10. Convergence chart showing the optimization progress of HBMFA and FA algorithms on
CEC 2005 Function 12.
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Figure 11. Convergence chart showing the optimization progress of HBMFA and FA algorithms on
CEC 2005 Function 13.
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Figure 12. Convergence chart showing the optimization progress of HBMFA and FA algorithms on

CEC 2005 Function 14.
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Figure 13. Convergence box plots of HBMFA and FA across CEC 2005 benchmark functions.
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To assess the statistical significance of the observed differences, two-sample ¢-tests
were conducted. These tests aimed to determine whether there were significant differences
between the algorithms’ best fitness values and execution times. For best fitness values,
the t-test results showed t-statistic values within the range of (—1.00000458, —0.00837452),
and p-values ranging from (0.35591564, 0.99358968). These results indicated that there
was no significant difference between HBMFA and FA in terms of best fitness values, with
p-values greater than 0.05 suggesting comparable optimization capabilities. However, for
execution times, the t-test results showed a significant difference between HBMFA and FA.
The t-statistic value for execution times was within the range of (171.78802293), indicating
a notable difference in performance. This was corroborated by very low p-values (close
to 0), suggesting that the difference in execution times between the two algorithms was
statistically significant.

Additionally, fitness function evaluations (FFE) analysis revealed that both algorithms
exhaustively utilized the allowed function evaluations, reaching the maximum of 10,000
for all tested functions. This analysis indicates that both algorithms thoroughly explored
the solution space within the given computational constraints.

As the analysis in this study continues to excavate the potentials of the innovative FA
variant, the emphasis was put on examining how often the condition of fireflies consuming
each other occurs throughout the total number of iterations. Table 4 provides the mean,
median, and mode of instances where the algorithm had to replace eaten fireflies or execute
the additional step in the HBMFA. It is evident from these statistics that the predation
phenomenon is closely linked to the number of fireflies themselves, which is 13 in our
case. The slight variation in statistical measures across a wide range of iterations, such
as a difference of three in maximum and minimum averages, is logical, as more fireflies
inherently lead to more instances of cannibalism, and vice versa.

Table 4. Cannibalism event occurrences for each iteration.

Iterations Mean Median Mode
10 21.3 21.5 23
100 19.18 18 17
1000 18.374 17 16
10,000 18.661 18 16

The values presented in Table 5 depict the computational outcomes of the HBMFA
algorithm, aimed at maximizing R?, the objective function in the case of Weibull model
parameters extraction based on the earlier mentioned benchmark data. Here, the mating
threshold percentage is set to 99.99%, indicating a rare occurrence of cannibalism between
firefly pairs. Evidently, the most accurate solution has been consistently achieved since
1000 iterations. When considering both accuracy and execution time, the optimal solution
arises at 10,000 iterations, with the time per single iteration being the lowest among the
two. This reduction in computational time can be attributed to the algorithm’s memory
feature, a common trait in Al, wherein previous iteration results or updated positions are
utilized as input for subsequent iterations.

Table 5. Computational results for the HBMFA on 99.99% threshold percentage.

Iterations k ¢ [m/s] R? Time [s] Time per Single Iteration [s]
10 2.10942735 5.46137014 0.999997808707 0.173566103 0.01735661
100 2.17123212 5.4318534 0.999998193 1.501014948 0.015010149
1000 2.16565227 5.43352693 0.999998196 14.72467923 0.014724679
10,000 2.16576574 5.43300902 0.999998196 143.3170278 0.014331703

Continuing the investigation into the new algorithm’s performance based on the

Brazil benchmark data, it was crucial to compare the results of the HBMFA with those
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of the standard FA, as presented in Table 6, to ascertain any performance improvements.
Table 7 provides percentages comparing both algorithms in terms of increased solution
accuracy and total execution time across different numbers of iterations. From this table, it
is evident that solution accuracy has indeed improved, with an average increase percentage
of 0.025%. However, for the second criterion, execution time, the HBMFA lags behind the
FA, as illustrated in Figure 14, with an average increase of 18.74%. For transparency and
scientific integrity, it is important to note that the computational study was conducted using
a computer equipped with an Intel(R) Core(TM) i9-10850K CPU @ 3.60 GHz processor and
32.0 GB of installed RAM, operating on a 64-bit system.

Table 6. Computational results for the conventional FA.

Iterations k ¢ [m/s] R? Time [s] Time per Single Iteration [s]
10 4.848571416 5.074946159 0.999813021 0.148551464 0.014855146
100 7.679738248 5.025994543 0.999660757 1.251681089 0.012516811
1000 5.401116872 5.061697621 0.999777426 12.21941042 0.01221941
10,000 6.022619363 5.045067999 0.999741091 121.7677197 0.012176772
Table 7. Comparison between HBMFA and FA performances.
Iterations Accuracy Time

10 0.018% 16.84%

100 0.034% 19.92%

1000 0.022% 20.50%

10,000 0.026% 17.70%

0 2000 4000 6000 8000 10000
Iterations

e HBMFA s FA

Figure 14. Execution time vs. iterations.

The stability observed in the R? values with increasing iterations, as evidenced by the
results thus far, along with the consistent k and ¢ values depicted in Figure 15, suggests
a correlation between the increase in the number of iterations and solution stability or
convergence. Furthermore, Figure 16 demonstrates that varying mating thresholds can
effectively maximize R? to the desired value, particularly at high iterations. It is worth
noting that, across all cases, the 99.99% threshold consistently yields the highest quality
solution. Put simply, the HBMFA is capable of generating similar solutions across a broad
spectrum of cannibalism probabilities, especially when the threshold is set at 90% or higher.
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Figure 16. Impact of various mating thresholds on solution accuracy.

Comparative analysis is also crucial for thoroughly assessing the quality and per-
formance of any newly introduced optimization algorithm. In Table 8, a comparison is
provided between the computational results of popular metaheuristic optimization algo-
rithms and HBMFA, all applied to the task of extracting the shape and scale parameters of
the two-parameter Weibull model using the same benchmark data, with a unified popula-
tion size of 13 and a number of iterations of 10,000. The algorithms tested include cuckoo
search (CS), genetic algorithm (GA), grey wolf optimizer (GWO), and particle swarm opti-
mization (PSO). Notably, HBMFA achieved the highest R? value of 0.999998196, signifying
exceptional performance in maximizing the objective function. However, this advantage
is accompanied by a longer execution time of 143.317 s compared to other algorithms
such as PSO, which achieved a comparable R? value with a significantly lower execution
time of 0.02336 s. Despite its longer runtime, HBMFA demonstrates promising potential
for accurately optimizing the parameters of the Weibull model, offering a trade-off be-
tween computational efficiency and optimization effectiveness when compared to existing
metaheuristic algorithms.
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Table 8. Computational results for HMBFA and popular metaheuristic optimization algorithms at
13 population sizes and 10,000 iterations.

Algorithm k ¢ [m/s] R? Time [s]
CS 22 54 0.999073243 0.3388538361
FA 6.022619363 5.045067999 0.999741091 121.7677197
GA 2.165405572 5.433524809 0.9991859061 7.3617947102
GWO 1.900796072 4.973312088 0.984877243 8.5335
HBMFA 2.16576574 5.43300902 0.999998196 143.3170278
PSO 2.164932286 5.433246990 0.999185892 0.0233604908

Finally, in Table 9, the conveyed R? and 1 — R? results show that the HBMFA per-
formance exceeds the MBO algorithm in the Guedes et al. [47] paper by a considerable
margin concerning the solution accuracy in the case of excluding the null wind speeds, as
the earlier researchers did in their work to ensure the best results out of the two-parameter
Weibull model. It is worth noting that due to the unavailability of information regarding
the computational time in the study of Guedes et al., the comparison between the two
algorithms was conducted only based on solution accuracy.

Table 9. Comparison between the HBMFA and the MBO results.

Wind Speed Data Model Algorithm k c R? 1-R?
Including the null speed T ; HBMEFA 2.1655 5.4338 0.999998196 1.804 x 10~°
Excluding the null soeed Wovffzir;ﬁf €S MBO[47] 2.3707 6.0098 0.999942753 5.7247246 x 107°

& P HBMFA 2.2253 5.4502 0.999998825 1.17458222 x 10~°

5. Conclusions

The new HBMFA introduced a novel adjustment to the FA algorithm by incorporating
rare instances of cannibalism among fireflies, modeled through a probability threshold.
Testing the new algorithm on the CEC 2005 benchmark functions confirmed its efficacy
and demonstrated superior performance compared to conventional FA and other common
optimization algorithms. Additionally, statistical analyses, including two-sample t-tests
and FFE analysis, provided robust validation of the algorithm’s optimization capabilities.

Moreover, the introduced adjustment significantly improved solution accuracy com-
pared to both the conventional FA and the MBO in maximizing the R? based on the
two-parameter Weibull distribution model when the analysis was conducted using wind
speed data from the SR-25 station in Brazil for 2008, revealing a notable enhancement
in solution accuracy, with an average improvement of 0.025% in the R? values. Despite
an increase in execution time, approximately 18.74%, the HBMFA exhibited outstanding
results, yielding an optimal solution with parameters of k = 2.1655 and ¢ = 5.4338 m/s,
and R? values of 0.999998196 and 0.999998825 with and without null speeds, respectively.
The HBMFA revealed remarkable stability in solution accuracy, with minimal variation,
indicating its robustness across diverse scenarios. The algorithm’s efficient exploitation
of the search area led to enhanced R? values compared to both literature and FA results,
underscoring its effectiveness. Nevertheless, higher probabilities of predation between
fireflies correlated with decreased solution accuracy.

In summary, this work advanced the state-of-the-art in optimization algorithms by
introducing the HBMFA. The integration of rare instances of cannibalism among fireflies en-
hanced the algorithm’s ability to explore and exploit the search space effectively. Thorough
statistical analyses and real-world application using wind speed data demonstrated the
algorithm’s robustness and applicability in diverse optimization scenarios. Despite some
limitations regarding execution time and statistical significance, the HBMFA’s distinguished
solution accuracy underscored its potential for critical engineering applications. Further re-
search will focus on addressing these limitations and exploring the algorithm’s applicability
across various engineering domains, ensuring its effectiveness and practical utility.
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