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Accurate characterization of site-specific wind-speed distributions is crucial for
dependable wind energy potential assessment. This work sort of compares the usual
numerical estimation strategies with a hybrid Firefly Algorithm—Bayesian neural
network (FFA-BNN) to estimate inverse Weibull distribution parameters and wind
power density using daily mean wind-speed data from four places in Andhra Pradesh,
India: Visakhapatnam, Rajamahendravaram, Amaravati and Tirupati. The benchmark
set here covers the method of moments, maximum likelihood estimation, the energy
density method, the energy pattern factor method, its modified variants, and the
Rayleigh model. For checking how well the models did, relative power-density error
(RPDE), root-mean-square error (RMSE), plus goodness-of-fit measures for the
probability density function (PDF) and cumulative distribution function (CDF) were
used. And because the study had multiple performance indicators, a generalized three-
way decision (G3WD) ranking framework was applied to blend the outcomes together,
kind of in one view. Looking across the four sites, the FFA-BNN approach ended up
with the top overall ranking, and it also seemed the most consistent in matching the
observed wind-speed distributions. Some of the conventional techniques, especially the
modified energy-pattern-factor, energy-pattern-factor, and energy-density approaches,
also gave good results under certain evaluation criteria, but their rankings kept shifting
depending on the site and the metric. Overall, the findings suggest that pairing Firefly-
based global optimization with Bayesian neural-network training, and then using
G3WD-based decision ranking, forms a strong and rather robust framework for inverse
Weibull parameter estimation and wind energy potential assessment, even when wind
conditions are noticeably different from one site to another.

1. INTRODUCTION

increased need of renewable energy solutions. The
Government of India has been encouraging development of

The significant potential of wind energy to meet the
growing global demand for sustainable electricity has made
the systematic assessment of wind resources an important area
of research. These evaluations are also important in the design
and optimization of floating wind platforms. Adopting wind
energy in the context of India, there has been a significant
improvement in this sector, especially since it is very crucial
in enhancing the hybrid power production systems [1]. The
Indian wind industry has grown over the years significantly,
which was stimulated by governmental efforts as well as the
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wind power infrastructure through a well-integrated policy,
program and regulations. Specifically, the New and
Renewable Energy Ministry has come up with a set of specific
initiatives and schemes to stimulate the creation and
development of wind power plants. The cumulative installed
wind power capacity presented as of January 31, 2024 [2].
There are a significant count of wind farms and wind
projects located in India and Tamil Nadu, Maharashtra,
Gujarat, Karnataka and Rajasthan turned out to be the most
powerful states in wind energy production. The country has
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over the years moved towards progressively embracing bigger
and efficient wind turbines hence increasing the total
generation capacity. Even with this development, the industry
still struggles to deal with issues especially when it comes to
proper and consistent measurement of wind resources. The
core of these issues is still relevant in guaranteeing the future
sustainability and growth of wind power generation.

In this connection, a number of scientists have made
meaningful contributions on the assessment of wind resources
at the global level. As an example, Dayal et al. [3] suggested a
100-kW turbine of wind that has a factor having a capacity of
16.7% and an electricity cost that has a controlled level of
1.15/kWh as a useful system to run the villages in the Arctic.
Similarly, Neupan et al. [4] and Franke et al. [5] performed an
overall evaluation of wind resources in Faliraki, Nabouwalu
and Udu in Fiji. They found the mean wind speed of 7.6 m/s,
7.1 m/s and 7.0 m/s with wind power potential (WPP) of 401
W/m?, 512 W/m> and 294 W/m? respectively. Wind
conversion efficiencies at these sites were stated to be between
97% and 98%.

Estimates of China’s WPP, based on meteorological
datasets, land-use patterns, and wind turbine designs, range
from 1,783 TWh to 39,000 TWh [6]. In a similar study,
Brazil’s offshore wind power potential was evaluated, yielding
three different estimates [7]: a gross potential of 1,688 GW, a
socio-environmentally constrained potential of 330 GW, and a
technically feasible potential of 1,064 GW.

Performed evaluation on the WPP of South Sudan and
found the value to be between 128.36 W/m? and 14.39 W/m?
in 10-meters height [8]. In line with these, the wind speed was
observed to range with a difference of 5.08 m/s to 2.36 m/s.
Sedzro et al. [9] used multiverse optimization in another study
to evaluate the parameters of Weibull of the Tirumala region
of India. It was discovered that the greatest mean wind speeds
were in December with the values being 5.12 m/s and 6.62 m/s
at 10 meters and 65 meters respectively.

Compared three models that were numerical support the
regression of vector, the multilayer perceptron (MLP) method,
and the adaptive neuro-fuzzy inference system (ANFIS) to
ensure which law of distribution is the most appropriate to
predict wind speeds and which method produces the best
estimates of wind energy potential [10]. Their case study
results showed that these techniques offered very good
distribution suits and good wind-estimates energy potential.
The most resistant and the most efficient models calculated
were among them, ANFIS and MLP, which were suggested as
most suitable to assess the wind resource in Togo and Benin.

The use of machine learning and hybrid optimization in
enhancing wind energy potential assessment under uncertainty
is a topic that has garnered increased attention over the recent
past. Indicatively, Bayesian neural networks (BNNs) have
been of interest since they can also make probabilistic
forecasts and estimate uncertainty in nonlinear environmental
systems and this is why they are appropriate in stochastic wind
behavior modeling. Recent studies show that frameworks
based on BNNs can be used to enhance the resilience of a wind
speed forecasting and parameter estimation task relative to
deterministic neural networks, especially when there is a high
level of variability or when the sample size is limited [11-18].

On the same note, metaheuristic optimization methods like
Firefly Algorithm (FA) have been broadly used to improve
convergence characteristics in nonlinear parameter estimation
issues. Recent works indicate that firefly-based hybrid models
are better than the classical optimization methods like Genetic
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Algorithms (GAs) and Particle Swarm Optimization (PSO) in
convergence stability and prediction accuracy of renewable
energy prediction tasks. Specifically, probabilistic neural
network hybridized with bio-inspired optimization algorithms
have been effectively used in predicting wind speed, solar
radiation and energy demand forecasting and have shown
better predictive performance and resistance to noisy
environmental data [19-28].

These recent advances indicate the increased significance of
uncertainty-sensitive machine learning models in renewable
energy modelling and justify the implementation of BNNs and
Firefly optimization in the current research. The hybrid Firefly
Algorithm—Bayesian neural network (FFA-BNN) model,
which integrates probabilistic inference and global
optimization power, is part of the new direction of research of
intelligent and uncertainty-aware wind resource assessment
[23-30].

Applied Weibull and Rayleigh probability density functions
(PDFs) to determine the nature of winds in Deokjeok-do
Island, in South Korea. Their findings suggested that wind
velocities were normally under 8 m/s, mostly of an East, South
or southwest origin [31]. Most wind speeds however, fell in
the range of 2-3 m/s. Gandomi et al. [32] estimated measures
of Weibull in a related study.

In a study [22] conducted in Istanbul, Republic of Turkey,
numerous approaches were applied to assess the parameters of
the model. The results indicated that the GA approach
achieved the best performance in parameter prediction.
Furthermore, the influence of wind speed data size on the
accuracy of Weibull parameter estimation was highlighted.
Akdag and Giiler [22] introduced a novel method that is
robust, and has efficiency, practicality and can be applicable,
and in a position higher than the conventional techniques for
the evaluation of the distribution of the measures of Weibull.
Their results demonstrated that the proposed method is highly
suitable for determining Weibull distribution parameters.

Reddy et al. [15] conducted a preliminary estimation of
WPP at 70 m via the employment of the systems of the
information related to Geographic Information System (GIS)
and remote sensing techniques. For Indian sites, the annual
average wind speed was found to range between 2.5 and 3.0
m/s, which was then used to extrapolate WPP at 80 m.
Similarly, Al-Quraan et al. [28] reported GIS-based
assessments of wind resources.

There was an estimated wind potential of 4, 250, 639.912
MW [14]. Singh and Prakash [14] evaluated the WPP of
Ranchi, Jamshedpur, Deoghar, Lohardaga and Chaibasa in
Jharkhand, India, with the distribution of probability of
Weibull at 10 m. Nevertheless, they observed that the 10 m
was low in order to be practically used in generating electricity
in wind turbines.

In the study by Reddy et al. [15], the statistical analysis was
used to evaluate the WPP at 50 m in Gadanki, India with a
yearly energy yield of 332.8 kWh/m? and an average wind
speed of 2.9 m/s. In the case of the western Himalayan state of
Himachal Pradesh, Chandel et al. [16] used Weibull
distribution to assess WPP at 30, 50, 80, and 100 m and
obtained that wind speed is maximum in summer and
minimum in winter. Chandel et al. [16] later tested the
Program of Wind Atlas Analysis and Application to measure
WPP in 30, 50, 70 and 100 m and found the best place to install
micro-turbines at Hamirpur.

Sangroya and Nayak [18] employed the distribution of
Weibull to evaluate the WPP in ten Indian states at 90 m with



an estimate the capacity of generation of 21,268.3 MW as May
2014. Murthy and Rahi [19] compared WPP at 150 m in Uttara
Kannada district of Karnataka and in Bheemunipatna, northern
Andhra Pradesh. They found both moderate and steady wind
speeds, and strong winds with the speed of up to 13.3 m/s in
the site.

Kumar and Yadav [20] assessed the WPP in 62 sites in 12
Indian states in six approaches taking into account the hub
heights of 10—-150 m. The most effective of these was the novel
energy pattern factor method (NEPFM) with estimated
energy-cost of between 0.28 and 15.31 kWh at 10 m and 0.10
and 3.53 kWh at 150 m respectively.

To exploit the wind power of a location, then it is necessary
to calculate the WPP by means of a methodical evaluation. The
type of WPP method to be used depends on the nature of the
site and the suitability of the data of the wind at the site. Thus,
various methods should be comparatively analyzed in order to
find the most appropriate method. In this work, a set of seven
analysis methods and an artificial intelligence-based one is
compared to estimate the inverse Weibull parameters. The
main aim would be to ascertain the most suitable method to be
employed in computing the inverse Weibull parameters of a
particular site and the corresponding wind data in an accurate
way.

The remainder of this paper is organized as follows: Section
2 describes the methodology and data-processing procedures.
Sections 3—6 present the theoretical framework and estimation
methods. Section 7 describes the study sites, and Section 8
presents the results and discussion, and the final section
summarizes the conclusions.

2. METHODOLOGY

The methodology to be used to assess wind power
generation potential and the cost analysis of the economic
aspects of the installation of the turbine of wind within various
tower height is as suggested and shown in Figure 1, which
shows the step-by-step process. According to this framework
and equations available in the computational analysis
subsection the analysis was conducted.

Classical Calculate
Methods
- ed 3WD Different
Meth()ds
Network Method

Figure 1. Workflow of current research

Collect
Wind Speed
of Selected
Sites

Weibull
Parameters
Computation

Method

2.1 Wind speed dataset description and preprocessing

The daily mean wind-speed data were collected from the
Central Pollution Control Board, Government of India, from
four monitoring stations in the state of Andhra Pradesh namely
Visakhapatnam, Rajamahendravaram, Amaravati and
Tirupati. The following periods were all used for analysis: The
data for the three cities, namely Visakhapatnam,
Rajamahendravaram and Tirupati, were collected during four
years from 1 January 2018 to 31 December 2021 (raw N =
1461 daily observations per city). The dates are 1 January 2020
to 31 December 2021 (two years; raw N = 731 daily
observations). After quality control process and interpolation
of the gaps in the data, the final sample size for distribution
fitting were N = 1461 (Visakhapatnam, Rajamahendravaram
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and Tirupati) and N = 731 (Amaravati).

2.1.1 Missing data handling

The raw wind-speed series were screened for missing and
invalid observations. Missing observations represented 15
records (1.0%) in Visakhapatnam, 18 records (1.2%) in
Rajamahendravaram, 12 records (0.8%) in Tirupati, and 9
records (1.2%) in Amaravati. Short gaps were corrected using
linear interpolation to preserve continuity of the daily mean
wind-speed series. A quality-control rule was established
whereby gaps of seven or more consecutive days would be
excluded from subsequent distribution-fitting analyses.
However, no such long gaps occurred in any of the four
datasets. Consequently, no observations were excluded, and
the number of excluded days was zero for all study sites.

2.1.2 Outlier screening and treatment

Outliers were screened on a monthly basis to respect
seasonal variability. A data point was flagged as an outlier if
it deviated by more than 3 standard deviations from the
corresponding monthly mean. This procedure flagged 7
observations (0.5%) in Visakhapatnam, 10 (0.7%) in
Rajamahendravaram, 6 (0.4%) in Tirupati, and 4 (0.5%) in
Amaravati. Flagged values were manually checked against
neighboring days and the overall seasonal pattern. When a
flagged value was clearly inconsistent with local temporal
context (indicative of measurement error), it was treated as
missing and handled using the missing-data protocol described
above; otherwise, it was retained to avoid removing genuine
high-wind events that are important for tail-sensitive
modelling. The numbers corrected (treated as missing and then
interpolated) were 3 (0.2%) in Visakhapatnam, 5 (0.3%) in
Rajamahendravaram, 2 (0.1%) in Tirupati, and 2 (0.3%) in
Amaravati.

2.1.3 Normalization for machine learning

For the BNN component, wind-speed values were
normalized using z-score standardization (subtract mean and
divide by standard deviation), computed on the training subset
only and then applied to validation/test subsets to avoid data
leakage. Distribution fitting for the inverse Weibull and other
parametric models was conducted on the original physical
units (m/s) to retain interpretability.

2.1.4 Influence of preprocessing on distribution fitting

Variance, tail behavior and extreme-value representation
effects can be caused by the preprocessing procedures which
may affect the distribution fitting. Only observations that were
identified as either not observed or clearly erroneous after the
context was verified were corrected in order to minimize
potential bias. The percent of interpolated and corrected
observations were very small (less than 1.5% of observations)
for all four sites, so the effect of preprocessing on the final
estimates of the parameters is likely to be minimal. The
percentages of corrected observations are explicitly reported
to give transparency on data quality and the effects of data
preprocessing.

2.2 Inverse Weibull parameters computation

The evaluation of wind energy is based on the modeling of
the wind speed through the inverse Weibull distribution. Eight
estimation techniques are compared, such as moments method
(MoM), EPFM, maximum likelihood method (MLM), energy
density method (EDM), Rayleigh, FFA-BNN, and novel



NEPFM [22], and the Rayleigh technique is coded in
MATLAB [25]. The inverse Weibull PDF and CDF given
below are used to obtain the power potential of wind [23].

90 =(©)E) e v 0 n
G =1-e @ ©)

In this case, g(v) is the probability density function of the
speed of the wind at the speed v (in m/s), and G (v) is the CDF
of v. The dimensionless shape parameter a determines the
distribution shape, while the scale parameter b is expressed in
the same units as v (m/s).
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The inverse Weibull distribution was chosen because it is
flexible in heavy tailed behavior of wind speeds and it can
capture the nature of failure rates that is applicable in the
variability of wind energy. The inverse Weibull distribution
has better ability to represent extreme regimes of wind and
skewed distributions typical of coastal and semi-arid areas
compared to other distributions like Gamma, Lognormal or
Rayleigh. In prior research, it was shown that Weibull models
have the advantage of reflecting tail risk behavior of low-
probability high-impact wind events, which is essential in the
stable estimation of wind power density and turbine
performance. Also, the inverse Weibull formulation can be
integrated with reliability-based models and decision-theoretic
models, like the generalized three-way decision (G3WD)
scheme, used in this paper consistent with that. The Gamma
distribution provides analytical simplicity, but can be
inaccurate in estimating the dispersion in tails of
heterogeneous wind regimes, and thus is less accurate in
power density estimation. Thus, inverse Weibull distribution
was chosen as a more appropriate probabilistic model of the
variability of the wind speed in the chosen sites. A key
condition for selecting the appropriate wind evaluation
methods and WPP assessment is the accuracy of the wind
power potential assessment, especially in the case of wind
power systems located in locations with different wind
regimes. The present study focuses exclusively on the inverse
Weibull distribution and compares alternative parameter-
estimation methods for this distribution rather than comparing
different probability-distribution families. The objective is to
determine which estimation method provides the most
accurate and reliable Inverse Weibull parameter estimates for
wind-resource assessment. Accordingly, the comparative
analysis is performed using relative power-density error
(RPDE), root-mean-square error (RMSE), PDF and CDF
goodness-of-fit measures, and the G3WD ensemble decision
framework. The superiority of a particular estimation method
is therefore assessed according to its overall performance
across these evaluation criteria rather than through
comparisons with alternative probability distributions. To
ensure consistency throughout the manuscript, the inverse
Weibull distribution is parameterized using a unified notation.
The shape parameter is denoted by a, and the scale parameter

836

is denoted by b. This notation is used consistently in all
analytical derivations, numerical algorithms, and result tables.
Any alternative symbols appearing in intermediate derivations
or prior literature are mapped to this notation for clarity and
comparability across methods.

3. GENERALIZED THREE-WAY DECISION-
INVERSE WEIBULL DISTRIBUTION (EXTENSION)

The three-way decision (3WD) model classifies objects into
three decision regions: the positive region (POS), boundary
region (BND), and negative region (NEG) [33]. Alternatives
in the BND area indicate the instances of uncertainty and are
held back in the meantime pending further analysis. This
mechanism allows the decision-makers to deal with ambiguity
by holding judgments at a lower level in case of insufficient
confidence levels. The 3WD model has its basis on the
Conditional Probability of Selection (CPOS) approach and
integrates the Bayesian principles. It is normally implemented
in two phases [34-41]. It is important to stress that G3WD is
not a probability distribution, the parameter estimation
method, an optimization algorithm, nor a predictive model.
Instead, G3WD is a post-estimation decision framework for
evaluating, comparing and categorize the outputs from the
various estimation processes based on several performance
criteria. Based on the parameter estimation, in the present
study, G3WD operates after the parameter estimation and the
decision attributes used are RPDE, RMSE (PDF), RMSE
(CDF) and goodness-of-fit statistics. Thus, G3WD will not
provide shape or scale parameters; it will only be used to
assess the output from the eight estimation methods.

In the present section, we generalize the model to develop
G3WD in a general fuzzy environment following the
procedures [42-45]. Where F is the chosen set of fuzzy
elements, L is an averaging operator on F, and ¢ is a distance
function on F, the m candidate choices are assessed on ng
evaluation criteria, with weights (w;);=1,..n, assigned to the
respective criteria.

01 = (o) izs,..m (5)

The matrices are the evaluation profiles of the experts, in
which each matrix captures the scores of the m options under
the ng evaluation criteria, and ne signifies the overall number
of the experts involved. Specifically, oi[]’.‘] denotes the opinion
provided by expert k regarding the i-th alternative under the j-
th criterion. Within the 3WD framework, the next step is to
determine the optimal and least desirable fuzzy elements
denoted x°°s' and worst y*°™, respectively selected from the
fuzzy set F.

Phase 1. Conditional Probability of Selection (CPOS)
computation
Step 1: Plot opinion matrices given in Eq. (5) to their fuzzy
counterparts.

J

(6)

1,..,ng

where, 6i[j’f] is the element that is fuzzy and is associated with

oi[]’.‘] within the environment F which is also fuzzy and a



selected a priori.

Step 2: Combine all the viewpoints of experts into a unified

matrix 0 = (éij)izl,___,m using the predefined operator of
j=1,.nf

aggregation, as specified in Eq. (7).

oy =L (), .., a"),

fori=1,..,mj=1,..,ng

(7

where, L is an operator of aggregation that is defined on F.
Step 3: Calculate every measure of the utility of group
alternative s3"P and individual regret value g3VP, as in Eq.
(8) and Eq. (9), via the employment of the measure of distance
¢ selected a priori.

nr

5,0, 1+
ngDzz ij,fori=1,...,m )
o 7 ¢(0y.x7)
and
5. 4t
g3"P = max (wj M),fori =1,..,m )
1<jsngp E(Oijr)(j)

where, x}f,)(]-‘ are used to refer to the superior solutions, which

form the best as well as the worst ones included within every
part respectively. As a result, what is obtained is:

pras {)(bes‘ if j-th aspect is of advantage kind (10)
S (yvostif j-th aspect is of type of the cost
and
B {XWOTS‘ if j-th aspect is of benefit type an
X = x°t if j-th aspect is of the kind of cost

Step 4: Calculate every ranking value of the alternative’s
compromise gi"P and the probability that is conditional

i

p2WP, as in Egs. (12) and (13), via the use of the scores
obtained in Egs. (8) and (9).
s3WP — min s3WP
q3WD =1 1<ism
‘ max s3WP — min s3WP
=D LD (12)
1oy S
+d-z 3WD _ i ,3WD
gt T o
and
PP =1 - ¢g"P (13)

for i=1,..,m, where T €][0,1] is the parameter of
combination that locates the risk-averse of the decision-maker.
In the current research, the T = 1 was taken.

Step 5: The m alternatives-ranking via depending on their
probabilities that are got by Eqg. (13) in an order that is
descending.

Phase 2. Generation that is thresholds
Step 1: Build the 3 <2 matrix of loss function of the combined
opinion matrix O shown in Eq. (31) as follows:
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Ay Ay 0 §(0ij,x})
AMay) =\ A A |=| oo x7) o8(0y,xf) (14)
A Ay £(ai, x7) 0

fori=1,..,mand j=1,..,ng, where g € [0,0.5) is the
coefficient of the risk aversion. The ¢ is increasing as parallel
to the decision-makers’ certainty.

Step 2: Derive the consolidated loss matrix by incorporating
the aspect weights into the loss function matrices of Eq. (14).

ng AFP AFN
L:Z wiA(5;) =287 BN | fori=1,.,m (15)
j=1 NP NN

Step 3: Count the upper thresholds which are initial a =
(a;)i=1,..m and lower thresholds g = (B;);=1,..m using the
comprehensive loss matrix in Eq. (15).

N — N
L L

= 1
(AN = 47) + (4FF - A7) o

a;

and
ABN _ ANN
13 l

b= -+ (7 - )

(17)

fori=1,..,m.
Step 4: Set the rules of 3WD: (P) The i-th alternative is in the
set of POS when p?WP > @. (B) The i-th alternative is in the
set of BNDS when 8 < p3WP < @. (N) The i-th alternative is
in the NEG group if p?WP < 8. Where @ = ¥, «; is the
upper threshold and g = Y7, B; is the lower threshold.
There’s theoretical connection, between the G3WD
decision modeling and the statistical parameter estimation
really, they blend into one organized process for uncertainty
analysis, especially when you look at the parameters of the
inverse Weibull distribution. The idea is that combining the
G3WD framework with parameter fitting gives a more
methodical pathway, to handle what’s not fully known. The
shape parameter a and scale parameter b are the two
parameters of the inverse Weibull distribution estimated by
optimization-based, moment-based, likelihood-based, and
machine-learning-based methods. These approaches however
tend to provide numerous competing parameters estimates the
relative reliability of which can differ across datasets and
environments. G3WD framework proposes a probabilistic
decision-theoretic  layer, which measures estimation
performance with various measures, such as RMSE, RPDE,
and information-related measures, like the Akaike Information
Criterion (AIC) and the Bayesian Information Criterion (BIC).
Theoretically, G3WD draws on top of statistical model
selection by introducing uncertainty-sensitive decision
boundaries that characterize estimation procedures as having
a POS, BND, and NEG region. The POS area determines the
methods of estimation that will always give reliable parameter
estimates with fewer prediction errors than the BND area is the
methods that are fairly sensitive to variation in data. The NEG
region contains methods, which have weak statistical
consistency or increased estimation error on evaluation
measures. Such a categorization facilitates the combination of
statistical inference and decision theory and the quality of
parameter estimation can be measured based not only on



numerical accuracy but also on reliability in the face of
uncertainty.

G3WD also offers a mathematical compromise between
probabilistic modeling and decision optimization through
distance-based utility functions and loss functions to measure
the difference between predicted and observed wind speed
distributions. The two-step process, the inverse Weibull
statistical modeling combined with the G3WD decision
analysis thus improves on the robustness of model selection,
in terms of considering both the statistical goodness-of-fit and
the decision-level uncertainty. Such a connection takes the
chosen estimation model, specifically the hybrid FFA-BNN
one, to be underpinned by both empirical and theoretically
justified decision criteria, enhancing a degree of trust in the
estimation of the potential of wind power under stochastic
environmental conditions.

4.A REVIEW OF THE FIREFLY ALGORITHM:
BACKGROUND AND RECENT DEVELOPMENTS

The FA is an algorithm which is based on population and is
meta-heuristic optimization that is inspired by the system of
bioluminescent communication of fireflies [13]. Fireflies in
the wild use repetitive and pulsating lights to signal mating,
keep predators away and aid in foraging [14]. The main idea
of FA is that the lower-intensity fireflies are drawn to brighter
ones, which is a simulation of movement to optimum solutions
in the search space. The problem landscape influences light
intensity, which diminishes with the distance, and
mathematically linked with the objective function to be
optimized [8, 16]. Here the brightness values are a measure of
how fit a solution is and the movement of the fireflies is a
measure of the exploration of the solution space. The FA is
subject to three rules (1) Unisex attraction occurs in all cases;
(2) The degree of sexual attraction is directly related to
brightness, and when there is an increase in distance, and (3)
The quality of the solutions is proportional to the brightness.
These values allow creating a balance between exploration and
exploitation, which allows efficient international search. The
strength and flexibility of FA have been tested and proven
through multiple works, and the performance of FA proves to
be better compared to PSO, GA, Ant Colony Optimization
(ACO), Simulated Annealing (SA) and Harmony Search
Algorithm (HSA) in diverse optimization problems, such as
structural design, economic load dispatch problems, etc. [16,
32-34]. FA is a good choice due to its flexibility and good
convergence properties, which offer a sound skeleton towards
the solution of complex, data-driven optimization and
classification problems. The attractiveness role of FA may be
defined as follows:

B() = o exp(—yr?) (18)
where, r is the space that is located between any pair of
fireflies, B, is attraction at » = 0 (in this work 1), and y is a
coefficient of absorption that regulates the decline of the
intensity of light (in this work 1). A Cartesian or Euclidean
space that lies between every two fireflies i and j at points x;
and x; respectively could be clarified as follows:

m= -l = S Ga-xa)® (9
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where, d is a symbol for the problem-dimension. The firefly-
migration 7, to a more highlighted firefly j, is represented in
Eq. (20):

x{*h = xf + Bo exp(—yr) (xf — xf) + (rand - —) (20)

5. THE NEURAL NETWORK OF BAYESIAN

In a structure of regression associated with input x and
output y, an artificial neural network (ANN) models their
relation via the following parameters f = [w, b], where w and
b denote weights and biases. An MLP performs successive
linear transformations and nonlinear activations, trained by
maximizing the log-likelihood

> log (pxis ) en
i=1

with regularization. In contrast, a BNN treats the parameters [
as random variables with a prior distribution p(f). Given data
D= {Dx, Dy}, the posterior
p(B | D) «p(Dy | Dy, B)p(H) (22)
is approximated using conclusion that is variational via
reducing the Kullback-Leibler difference between the
posteriors which are true or approximate.
The optimization maximizes the evidence lower bound,
enabling the BNN to generate predictive means and
covariance-based uncertainty estimates. This probabilistic

framework provides both accuracy and uncertainty
quantification in model predictions as shown in Figure 2.

Weights with r‘\
‘IHPU' Layer distributions
) : ﬁ Bias with
O Hidden Layer I/\]j /\ distributions

Activation
function

‘ Output Layer /

Figure 2. A basic Bayesian neural network (BNN)



6. STATISTICAL COMPARISON
TECHNIQUES

OF NUMERICAL

6.1 Relative power-density error

The RPDE serves as an accuracy metric for time-series
forecasts, widely used in modeling wind resources, solar
inputs, and power consumption patterns. RPDE measures the
difference between estimated and measured power density
(usually in megawatts/square kilometer) in a given region or
location. The computation of the RPDE is as:

q)

(quf

RPDE = x 100 (23)

In this case, q,qs refers to the density of wind power
calculated with the help of the method under consideration,
and q is the density of the power calculated by directly
referring to the data measured. The approach with minimum
RPDE is considered the most precise one to estimate power
density.

3
Ppas = zpa3F(1 ——) (24)
1
P = Epv3 (25)

It should be noted that two different wind-power-density
quantities are considered in this study. The theoretical model-
based wind power density is obtained from the distributional
third moment, E (V3). For the inverse Weibull distribution, the
r-th theoretical moment exists only when the shape parameter
satisfies a > r; therefore, the theoretical third moment is finite
only when a > 3. When the fitted shape parameter satisfies
a < 3, the theoretical third-moment expression is not finite
and is not used for interpretation. In those cases, wind power
density is evaluated using the empirical finite-sample mean of
the observed cubic wind speeds, (1/n)ZV;3. Accordingly, the
RPDE values reported in this study compare empirical finite-
sample wind-power-density estimates rather than divergent
theoretical moments of the fitted inverse Weibull distribution.

6.2 Root-mean-square error
RMSE helps in quantifying the root that is square, of the
total squared variations among the predicted values and

experimental values. A lower RMSE value means more
accurate method of estimation.

1 na 1/2
RMSE = —Z C—w;)?
(na' 1 i —wi) )
i=

6.3 Moments method

(26)

The method depends on numerically iterating the following
two equations, assuming that the sample mean % and SD (o)
of the speed of the wind data are known.

i=ar(1-3)
u=a 5

=a[l(1 —2/b) — T%(1 — 1/b)]"/?

27

(28)
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After the shape parameter a is determined by solving the
moment equations numerically, the scale parameter b is
calculated using the corresponding analytical expression. In
this study, a and b denote the Inverse Weibull shape and scale
parameters, respectively.

u

TTra-1/p) 29
n
- 2 30
u=g 2w (30)
=1
n 1/2
1
o=|—> (u,._u)zl 31
n—1¢
=1
where, I'(-) denotes the Gamma function, defined by:
I'(z) = f t?let,dt,z> 0 (32)
0

The Gamma function appears in the analytical expressions
of the moments of the inverse Weibull distribution and is used
in the estimation of the shape and scale parameters through the
method of moments.

6.4 Method of energy density

This approach is expressed as the approach of power density
as well; and it employs the factor of the energy pattern (Ep )
to determine the measure of shape.

1 n

== Z w)? (3)
ud

By = o (4)

The shape factor has to be obtained by the following
equation, numerically:

(-2
=()

After the shape parameter a is determined numerically from
the energy-pattern factor equation, the scale parameter b is
then calculated using the corresponding scale-parameter
expression.

Epf -

(35)

6.5 Method of maximum likelihood estimation

This method of maximum likelihood estimation (MLE)
involves a large amount of numerical iteration. The estimation
on the measures of shape and scale of Inverse distribution of
Weibull is then given below:

. :[ by ufln @) _ iy In (ui)]‘l 6
i=1 U n
1 n 1/b
b= (52 uf’) (37)
i=1



6.6 Method of energy pattern factor

The energy pattern factor method estimates the Inverse
Weibull shape and scale parameters using the relationship
between wind-speed moments and wind-power density. In this
study, the energy pattern factor is defined as:

_ EW®)

IR o

where, V denotes wind speed. For the inverse Weibull
distribution with shape parameter a and scale parameter b, the
r-th raw moment is given by:

1- r)
a )
Therefore, the third moment exists only when a > 3.

Substituting the first and third moments into the definition of
the energy pattern factor gives:

3
r(i-2)
AV
[r(1-2)l
The shape parameter a is obtained by solving this nonlinear

equation numerically. After a is estimated, the scale parameter
b is calculated from the sample mean wind speed v as: b =

This formulation ensures that the energy pattern factor

E(VT) = bTI“( a>r (39)

u= a>3

(40)

v
r(i-g)
method is consistent with the inverse Weibull distribution
adopted in this study. The symbols a and b are used
throughout the manuscript to denote the shape and scale
parameters, respectively.

6.7 Energy pattern factor method of Sathyajith

Energy pattern factor method of Satyajit (EPFMS) gives a
means of the measures-approximation of the inverse Weibull
distribution via the employment of the factor of energy pattern
(Epr). In the EPFMS method, the Inverse Weibull shape
parameter a is estimated from the energy-pattern factor. Once
a is obtained, the scale parameter b is calculated using the
same unified parameter notation:

a =3.957 x E; %% (41)

After the determination of the measure of shape a, that of
scale b is then calculated as shown by Eq. (39).

6.8 Method of novel energy pattern factor
This technique represents an approximate version of the
energy density method as given in Eq. (19). The parameters of

distribution are calculated as follows:

byEps + b3Epe + byEyp + by Eyp + by
- CaEyp + C3ES + GES s + c1Eps +¢o

(42)

Uy (b2 + ¢1b + ¢p)
b2 +d;b + do

(43)
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The coefficients presented were derived through curve
fitting [23].

6.9 Rayleigh distribution

This method provides relatively simple analytical
expressions and can be solved explicitly. In this specific issue
of the inverse distribution of Weibull, For the Rayleigh
baseline formulation, the Inverse Weibull shape parameter is
fixed at a = 3, and the corresponding scale parameter is
denoted consistently by b:

20,
R

6.10 Firefly Algorithm—Bayesian neural network

b (44)

FA parameters were chosen through empirical research and
sensitivity analysis that preceded the main research to provide
a stable convergence and efficiency of computation. The
coefficient of attractiveness was adjusted to S, = 1.0 to
ensure sufficient attraction between candidate solutions, while
the light absorption coefficient was fixed at y = 1.0 to control
the decay of attractiveness with distance. The randomization
parameter a = 0.2 was selected to maintain adequate
exploration of the search space during early iterations while
enabling gradual convergence through adaptive reduction
using @;,q = 0.97a;. The size of the population and the
number of generations were selected in order to compromise
between the quality of solutions and the complexity of
computations. It was observed that the following parameter
values gave the stable optimization performance in various
experimental runs as shown in Algorithm 1.

Algorithm 1: Firefly Algorithm-Bayesian neural
network (FFA-BNN)
Input:

Vv = (V1, V2, ..., Vn): observed wind-speed data
popSize: number of fireflies
maxGen: maximum number of generations
Po: initial attractiveness coefficient
y: light absorption coefficient
arra: Firefly randomization parameter
Output:
a: estimated Inverse Weibull shape parameter
b: estimated Inverse Weibull scale parameter
Lyest: minimum negative log-likelihood value.
Begin
1. Define the Inverse Weibull PDF f(v; a, b) using the same
formulation given in Section 2.2.
2. Initialize the BNN with:
Input layer: wind-speed observations v
Hidden layer(s): nonlinear activation functions
Output layer: two nodes 71 and 7
3. Enforce positivity of the Inverse Weibull parameters:
a = exp(i71) b = exp(2)
4. Initialize a population of fireflies:
For i =1 to popSize:
Randomly initialize BNN weights and biases Wi
Forward-propagate v through the BNN
Obtain #1i and 72i

Compute:
ai = exp(771)
bi = exp(72i)




Evaluate the loss:
Li = -Z log[f(v; @i, b)],j=1,2,...,n
5. Firefly optimization:
For generation = 1 to maxGen:
For i =1 to popSize:
For j =1 to popSize:
IfLj<Li
Compute distance:
rij = [[Wi-Wj|
Compute attractiveness:
B = Poexp(-y ri
Update firefly i:
Wi = Wi +8(W;—W;) + arra(random_vector
-0.5)
Forward-propagate v using updated W;
Compute updated 71; and #2i
Compute:
a; = exp(ri)
bi = exp(772i)
Recalculate:
Li = -Z log[f(vj; ai, bi)]
Optionally reduce:
arra = 0.970rrA
6. Select the best firefly:
best = argmin(L;)
7. Return final estimates:
fz = Abpest
b = bpest
End

The loss function in FFA-BNN is directly related to the
Inverse Weibull likelihood. The fitted pdf value f (v;; a, b) is
calculated for each observed wind speed vi based on the same
Inverse Weibull formulation defined in section 2.2.
Maximizing or, alternatively, minimizing the negative log-
likelihood, is equivalent to maximizing the total log-
likelihood. This means the FA is not optimizing an unrelated
objective function; it is optimizing the BNN weights in such a
way that the resulting shape and scale parameters best
maximize the likelihood that the shape and scale parameters
found in the observed wind-speed data. The final FFA-BNN
estimates are thus only for the shape parameter a and the scale
parameter b. The Inverse Weibull model has no third
distributional parameter so it is neither estimated nor used.

FFA-BNN model was chosen to combine the advantageous
features of the global optimization and probabilistic learning
into the hybrid model. BNN can give good predictive accuracy
as well as give concrete certainty of uncertainty in estimating
the parameters, which is crucial in the assessment of wind
resources where the environment variability is stochastic. The
performance of BNNs, however, is very prone to
hyperparameter setup and initialization. The FA was hence
included in the list of optimization strategies (metaheuristic)
capable of efficiently exploring the parameter space and
escaping local minimum. The FA offers a high level of
exploration-exploitation balance and has been shown to
exhibit steady convergence to nonlinear parameter estimation
problems as compared to other optimization methods,
including PSO, GA or gradient descent variants. A
combination of FFA and BNN provides better robustness to
estimation, prediction, and also it is less sensitive to the noisy
wind data. The proposed FFA-BNN approach is especially
beneficial when the series of wind speeds is nonlinear and the
variability is heteroscedastic between different seasons, the
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length of the series is short (as for some stations), and the
uncertainty of the estimation is significant (when comparing
the different parameter estimates and distributional fits).
Classical estimators (such as MoM, EPF based and MLM) are
efficient in cases where the underlying distribution is
presumed to be correct, but can be less efficient in the case of
violations of the assumptions of the distribution and may be
more sensitive to local minima or to the inability of numerical
iterations to converge to a solution, particularly when the
likelihood surface is irregular. The FA has a global search
method to enhance robustness against poor initializations and
the Bayesian formulation allows uncertainty-aware estimation
via probabilistic learning and not just point-estimates. In
practice, we find that FFA-BNN outperforms conventional
approaches when it can be used to consistently improve across
multiple dimensions of evaluation (RPDE and RMSE, plus
other distributional goodness-of-fit and information-criterion
ranking measures), while conventional approaches are
preferred when interpretation, limited computation, and
closed-form estimation are more important.

6.11 Practical integration of generalized three-way
decision with parameter estimation and model comparison

G3WD is not presented as an abstract theoretical extension
in this study but is employed as a decision layer that integrates
multiple performance indicators and transforms them into an
actionable ranking of estimation methods. It should be
emphasized that G3WD is not an estimation method,
optimization  algorithm, machine-learning model, or
probability distribution. Rather, it is a post-estimation decision
framework used to evaluate and classify the outputs of the
competing parameter-estimation methods.

In this study, eight parameter-estimation methods are
considered, namely MoM, EDM, EPFM, EPFMS, NEPFM,
MLM, Rayleigh method, and the FFA-BNN. Each method
produces estimates of the Inverse Weibull shape parameter a
and scale parameter b, from which the corresponding PDF,
CDF, and performance measures are obtained.

For each study site, the estimation methods are evaluated
using the same set of criteria described in Section 6, including
RPDE, RMSE (PDF), RMSE (CDF), and goodness-of-fit
statistics. Because different criteria may favor different
methods, a multi-criteria decision framework is required to
provide a unified assessment of overall performance. The
G3WD framework therefore operates on the calculated
performance measures and produces both a final ranking and
a three-way decision classification.

The G3WD framework partitions the candidate methods
into three decision regions:

POS: methods exhibiting superior overall performance and
recommended for application.

BND: methods exhibiting intermediate or uncertain
performance that may require additional evaluation before
selection.

NEG: methods exhibiting comparatively weaker
performance and therefore not recommended when superior
alternatives are available.

The final classification is determined according to the
G3WD procedures described in Section 3. The practical
outcome is a ranked list of estimation methods together with a
POS, BND, or NEG assignment for each method. Methods
classified in the POS region are considered the most suitable
for practical application, methods in the BND region are



regarded as conditionally acceptable, and methods in the NEG
region are considered less suitable when compared with
higher-ranked alternatives.

The principal advantage of incorporating G3WD into the
proposed framework is that model selection is not based on a
single evaluation criterion. A method that performs well
according to one metric may not necessarily perform best
according to another. By integrating multiple performance
indicators into a unified decision process, G3WD provides a
more balanced and transparent assessment of estimation-
method performance across different datasets and wind
regimes. Consequently, the final rankings reported in this
study should be interpreted as multi-criteria decision outcomes
rather than conclusions derived from any individual metric
alone.

7. SITE SELECTION

Visakhapatnam, the major and most populous city of
Andhra Pradesh lies on a line between Eastern Ghats and Bay
of Bengal. This city is identified as Vizag under British rule,
Vizagapatnam, Vizag or Walt air. Its geographical location is
17.7041N and 83.2977 E. Due to its location along the coast;
Visakhapatnam is deemed to be an ideal location to be able to
generate wind power. The Indian state-capital of Andhra
Pradesh is Amaravati which occupies an approximate latitude
of 16.513N and longitude of 80.516E. The location is
situated on the Krishna River banks in Guntur region and has
a lot of potential regarding wind resources development.

Rajahmundry is the administrative head district in the East
Godavari district. The city is geographically located at
16.98N latitude and 81.78E longitude with the Godavari
River-banks in the coastal belt of Andhra Pradesh, just like
Amaravati site. The administrative town of Tirupati in Tirupati
district is in 13.65N latitude and 79.42<E longitude. Being
lying at a height of 940 m above the sea level on the
Seshachalam hills in the Eastern Ghats, this location provides
one with some important information on the wind potential of
the area. Figures 3(a) and (b) give the geographical details of
these cities.
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Figure 3. (a) Geographic location of Andhra Pradesh, India
[25]; (b) Political map illustrating the chosen study locations
[26]

The locations selected were to reflect different geographical
and meteorological factors that may be of a particular interest
in wind energy estimations in coastal, inland, and upland
environments. The coastal-influenced locations such as
Visakhapatnam and Rajamahendravaram are sites that are
close to the Bay of Bengal and the wind regimes are influenced
by the sea-land thermal gradients and the patterns of monsoon
circulation. Amaravati is an environment of inland river-basin
climate affected by regional climatic variability, whereas
Tirupati is one of high terrain on the Eastern Ghats, which
offers information on the behavior of the wind at moderate
altitudes.

8. RESULTS AND DISCUSSIONS

The mean wind speed data of the selected four stations
namely Visakhapatnam, Rajamahendravaram, Amaravati and
Tirupati of Andhra Pradesh, India, has been analyzed for the
day-wise period. The variations in wind speed at the four sites
during the year are shown in Figure 4 in terms of monthly
mean wind speed, to be used as a means of identifying the
seasonal behaviour of the observed wind regime prior to
distribution fitting. The monthly and annual standard
deviations for the wind speed at the stations of
Visakhapatnam, Rajamahendravaram, Amaravati and Tirupati
respectively are summarized in Tables 1-4, which compare the
variability structure of the four datasets and for model
performance site-wise interpretation.

The variation in wind speed for each month of the year from
the wvarious stations is shown in Figure 5 for
Rajamahendravaram, Amaravati and Tirupati and in Figure 6
for Visakhapatnam and Tirupati, the relationship between
mean wind speed and standard deviation. Figures 7 and 8
display the monthly evolution of the inverse Weibull shape
and scale parameters, respectively, while Figures 9 and 10
show the evolution of the fitted PDF and CDF curves,



respectively, between the four study sites. The detailed tables 2 e S
of the inverse Weibull parameters estimated on monthly time —0—2018
steps were placed in Appendix for better logical flow of the 181 S
results section. The inverse Weibull shape parameter a and
scale parameter b for all estimation methods for all study sites
are available in Appendix Tables A1-A4.
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Figure 4. Monthly mean wind speed variations at four sites
over four years
JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC Lo .
Month Table 1. Monthly and annual standard deviation of wind
(a) Monthly variations of mean wind speed at speed at Visakhapatnam

Visakhapatnam

Monthly four years mean speed variations of Rajamahendravaram site MY 2018 2019 2020 2021
45 . . . . . . : : : : : Jan 0.2541 0.2777 0.5142 0.2207
——2018 Feb 0.2625 0.3416 0.4642 0.3006
2019 Mar 0.7186 0.4003 0.3146 0.3360
——2020 Apr 0.4722 0.3813 0.3651 0.2181
5 4r —8— 2021
£ May 0.5483 0.5111 0.5510 0.4761
5 Jun 0.6585 0.5222 0.4673 0.3141
@ Jul 0.5456 0.7111 0.4137 0.4258
®35F Aug 0.4382 1.1241 0.5481 0.5174
2 Sep 0.4456 0.5557 0.4566 0.5161
i Oct 0.8581 0.4077 0.6217 0.3314
% 3l Nov 0.3773 0.3634 0.5643 0.5056
2 Dec 0.7855 0.3750 0.4404 0.7225
< Average 0.5287 0.4812 0.4733 0.4037
()
= L
20 Table 2. Monthly and annual standard deviation of wind
speed (m/s) at Rajamahendravaram
? JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC MY 2018 2019 2020 2021
Month Jan 1.1013 1.4458 1.5880 1.3143
(b) Monthly mean wind speed variations at ll\:/lee?r ﬁéig i-gg?g 1-2%3 %ggg
Rajamahendravaram Apr 1.2507 1.1446 1.3103 1.2503
5 ' T May 1.2835 1.3180 1.3064 1.4038
A Jun 17633 17540 14677 16852
4l , Jul 1.8175 1.6006 1.5087 1.0740
Aug 1.0606 0.8464 1.1117 0.6527
Sep 0.6752 0.6584 0.4112 0.7348
35+ 1 Oct 0.5111 0.3473 0.5151 0.3553
Nov 0.3273 0.4101 0.5418 0.3232
Dec 0.5371 0.3376 0.3611 0.4202

Average 0.4614 0.4371 0.5126 0.4532

o

Table 3. Monthly and annual standard deviation of wind
speed (m/s) at Amaravati

Mean monthly wind speed (m/s)
& w

2 MY 2020 2021
Jan 0.8110 0.4472
15 Feb 0.7082 0.4646
JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC Mar 0.8160 0.3010
Apr 0.6430 0.6430

(c) Monthly mean wind speed variations at Amaravati
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May
Jun
Jul

Aug
Sep
Oct
Nov
Dec

Average

1.0353
1.1823
0.9001
1.2409
0.9258
0.9522
1.1581
0.5001
0.8301

1.0547
1.4214
1.4867
1.0575
0.9258
0.3341
0.7482
0.4850
0.7067

Table 4. Monthly and annual standard deviation of wind
speed (m/s) at Tirupati

M/Y 2018 2019 2020 2021
Jan 0.4903 0.3397 0.3584 0.4263
Feb 0.2673 0.3981 0.3555 0.3787
Mar 0.1220 0.1142 0.1294 0.0905
Apr 0.1499 0.1288 0.1685 0.1032
May 0.1161 0.2002 0.2257 0.2840
Jun 0.3976 0.3305 0.3056 0.3955
Jul 0.3567 0.2100 0.1078 0.2000
Aug 0.2041 0.2665 0.2251 0.1005
Sep 0.1458 0.2851 0.2345 0.1047
Oct 0.5665 0.2751 0.4073 0.2088
Nov 0.3853 0.5070 0.5675 0.4081
Dec 0.5006 0.2164 0.4561 0.3510
Average 0.3085 0.2726 0.2951 0.2542
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(c) STD of monthly wind speed of the site Tirupati

Figure 5. Monthly wind speed variability across the three

sites
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(a) Linear relationship between average wind speed and
standard deviation for the Visakhapatnam location

1.4

0.8

0.6

Standard Deviation (m/s)

0.4

0.2

0

1.5 2 2.5 3 3.5 4 4.5 5
Mean Monthly Speeds (m/s)
(b) Linear relationship between average wind speed and

standard deviation for the Tirupati location

0 0.5 1

Figure 6. Linear dependence of the mean wind speed on the
corresponding standard deviation for the two sites

The analysis was then conducted extensively on seven
estimation methods comparing RPDE, RMSE and chi-square
goodness-of-fit tests of each site. The comparative analysis
was performed by RPDE, RMSE calculated using PDF and
CDF. The RPDE results have been provided in Tables 5-8 for
the town of Visakhapatnam, Rajamahendravaram, Amaravati
and Tirupati respectively. The fitting results are given in PDF
form in Tables 9-12 and in CDF form in Tables 13-16. The
results presented here indicate that the hybrid FFA-BNN
approach tends to yield more consistent results over locations
and evaluation measures, while the conventional methods
offer better performance in different locations and measures.

Both algorithmic and practical explanations can describe
why hybrid FFA-BNN approach has been proven to
outperform the other two methods. Algorithms BNN gives a
probabilistic model of learning that can model nondynamic
relationships between wind speed measurements and
parameter distribution values and also measures the
uncertainty in the estimation of the parameters. The Bayesian
formulation is more effective compared to deterministic
optimization techniques in minimizing the risk of overfitting,
and it has better levels of generalization, especially where
wind data are diverse because of seasonal atmospheric
variations. The FA also improves the work of models by
globalizing the optimization of network parameters to enable
the search process to avoid local minima usually faced during



gradient-based learning. The FA has a mechanism, the
adaptive attractiveness mechanism, which facilitates efficient
exploration of the solution space, enhancing the stability of
convergence as well as providing a reliable estimation of the
inverse Weibull shape and scale parameters. Statistically, the
hybrid model has smaller values of RMSE and RPDE since it
can describe all central tendencies and tail variations in wind
speed distributions. The classical methods of estimation like
the MoM, MLM, and EPFM are based on static assumptions
of analysis which do not necessarily reflect the complicated
wind regimes of skewness and heteroscedastic variability.
Conversely, the FFA-BNN model is a dynamic system to
estimate parameter values depending on the observed data
characteristics and imparts a better fitting capability to the
PDF and the CDF models in all four study sites.
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Table 5. Empirical finite-sample relative power-density error

V (mls)

(d) Site Tirupati

(RPDE) and wind regime profile for Visakhapatnam

Method Metric Value
a 2.16
b (ms™) 1.28
Vm (ms™) 2.116
MoM Wind Power Density (W m™2) 6.04
Most Frequent Velocity (m s™") 1.14
VCmax (m s™) 1.66
RPDE (%) 35.08
Rank 5
a 1.70
b (ms™) 1.30
Vm (ms™) 2.799
EPEM Wind Power Density (W m2) 6.48
Most Frequent Velocity (m s™) 1.09
VCrmax (m s7) 1.76
RPDE (%) 42.14
Rank 7
a 2.49
b (ms™) 1.28
Vm (ms™) 1.911
MLM Wind Power Density (W m2) 5.81
Most Frequent Velocity (m s™) 1.19
VCrmax (m s™) 1.60
RPDE (%) 31.14
Rank 2
a 2.02
b(ms™) 1.27
Vm (ms™) 2.229
EDM Wind Power Density (W m2) 6.01
Most Frequent Velocity (m s™) 1.12
VCmax (m Sfl) 1.67
RPDE (%) 34.10
Rank 4
a 1.63
b(ms™) 1.28
Vm (ms™) 2.941
Wind Power Density (W m2) 5.35
EPFMS Most Frequent Velocity (m s™) 1.08
VCrmax (m Sfl) 1.74
RPDE (%) 40.10
Rank 6
a 2.00
b (ms™) 0.92
NEPFM Vm (ms™) 1.631
Wind Power Density (W m2) 8.44

Rayleigh

FFA-BNN

Most Frequent Velocity (m s!)
VCmax (ms™)
RPDE (%)
Rank
a
b(ms™)
Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s!)
VCmax (ms™)

RPDE (%)

Rank
a
b(ms™)

Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCmax (m s™)

RPDE (%)

Rank

0.61
241
-31.27
3
3.33
1.30
1.688
9.33
0.71
2.30
89.04
8
211
0.82
1.383
2.18
0.72
1.14
—-30.37
1

Note: MoM = moments method; EPFM = energy pattern factor method,
MLM = maximum likelihood method; EDM = energy density method;
EPFMS: Energy Pattern Factor Method of Sathyajith; NEPFM: novel energy
pattern factor method; FFA-BNN: Firefly Algorithm—Bayesian neural

network.

Table 6. Empirical finite-sample relative power-density error
(RPDE) and wind regime profile for Rajamahendravaram

Method Metric Value
a 3.61
b(@ms™) 1.17
Vm (ms™) 1.478
MoM Wind Power Density (W m2) 15.07
Most Frequent Velocity (m s™) 2.83
VCmax (m Sil) 2.21
RPDE (%) 17.48
Rank 2
a 2.36
b(ms™) 1.01
Vm (ms™) 1.562
EPEM Wind Power Density (W m™) 16.70
Most Frequent Velocity (m s™) 2.73
VCmax (ms™) 245
RPDE (%) 29.54
Rank 4
a 1.10
b(ms™) 1.04
Vm (ms™) 10.926
MLM Wind Power Density (W m™) 7.22
Most Frequent Velocity (m s™) 2.10
VCmax (ms™) 1.74
RPDE (%) -31.74
Rank 5
a 3.71
b(ms™) 1.18
Vm (ms™) 1.478
EDM Wind Power Density (W m™) 15.18
Most Frequent Velocity (m s™) 2.83
VCmax (m Sil) 2.22
RPDE (%) 18.31
Rank 3
a 2.28
b(ms™) 1.03
Vm (ms™) 1.632
Wind Power Density (W m™) 17.23
EPFMS Most Frequent Velocity (m s™!) 2.71
VCrax (ms™) 251
RPDE (%) 33.45
Rank 7
NEPFM a 3.30
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Rayleigh

FFA-BNN

b (ms™)
Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCrax (m s7?)

RPDE (%)

Rank
a
b (ms™)

Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCrmax (m Sfl)

RPDE (%)

Rank
a
b(ms™)

Vm (ms™)

Wind Power Density (W m™2)
Most Frequent Velocity (m s™)
VCmax (m Sfl)

RPDE (%)

Rank

1.45
1.889
8.22
2.33
1.65
—32.84

3.00
1.06
1.435
25.00
2.14
3.38
90.76

3.92
1.16
1.429
14.78
2.84
2.17
15.35

Table 7. Empirical finite-sample relative power-density error

(RPDE) and wind regime profile for Amaravati

Rayleigh

FFA-BNN

Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)

VCmax (ms™")
RPDE (%)
Rank
a
b (ms™)
Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)

VCmax (ms™)
RPDE (%)
Rank
a
b (ms™)
Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)

VCmax (m Sfl)
RPDE (%)
Rank

6.838
10.65
1.22
2.08
—28.00

3.22
2.27
2.985
30.06
1.28
3.67
90.89

3.02
2.32
2.874
10.65
2.12
3.06
—27.00

Table 8. Empirical finite-sample relative power-density error
(RPDE) and wind regime profile for Tirupati

Method Metric Value
Method Metric Value a 1.59
a 2.80 b (ms™) 0.19
b(ms™) 3.24 Vm (ms™) 0.455
Vm (ms™) 4531 MoM Wind Power Density (W m2) 0.30
MoM Wind Power Density (W m2) 21.51 Most Frequent Velocity (m s™) 0.08
Most Frequent Velocity (m s™) 1.83 VCrmax (m s™) 0.49
VCmax (m s™") 2.84 RPDE (%) 37.32
RPDE (%) 38.47 Rank 4
Rank 4 a 1.44
a 1.72 b (ms™) 0.20
b (ms™) 2.25 Vm (ms™) 0.587
Vm (ms™) 4.764 EPEM Wind Power Density (W m2) 0.36
EPEM Wind Power Density (W m™2) 22.66 Most Frequent Velocity (m s™) 0.06
Most Frequent Velocity (m s™) 1.76 VCrax (m s™) 0.53
VCrmax (m s™") 3.05 RPDE (%) 43.60
RPDE (%) 4555 Rank 7
Rank 7 a 1.72
a 214 b (ms™) 0.19
b (ms™) 2.26 Vm (ms™) 0.402
Vm (ms™) 3.766 MLM Wind Power Density (W m2) 0.22
MLM Wind Power Density (W m™2) 21.39 Most Frequent Velocity (m s™) 0.11
Most Frequent Velocity (m s™) 1.89 VCmax (m s™") 0.43
VCrmax (m s™") 2.79 RPDE (%) 28.43
RPDE (%) 37.73 Rank 3
Rank 3 a 151
a 1.86 b (ms™) 0.20
b (ms™) 2.24 Vm (ms™) 0.528
Vm (ms™) 4.290 EDM Wind Power Density (W m2) 0.31
EDM Wind Power Density (W m™2) 21.87 Most Frequent Velocity (m s™) 0.08
Most Frequent Velocity (m s™) 1.81 VCmax (m s™") 0.49
VCrmax (m s™") 2.88 RPDE (%) 38.01
RPDE (%) 40.71 Rank 5
Rank 5 a 1.52
a 1.77 b(ms™) 0.20
b (ms™) 2.25 Vm (ms™) 0.521
Vm (ms™) 4.582 EPFMS Wind Power Density (W m2) 0.33
EPFMS Wind Power Density (W m™2) 22.44 Most Frequent Velocity (m s™) 0.07
Most Frequent Velocity (m s™) 1.78 VCrmax (m s™) 0.51
VCrmax (m s™") 3.03 RPDE (%) 41.07
RPDE (%) 44.18 Rank 6
Rank 6 a 1.10
a 1.86 NEPFM b(ms™) 1.01
NEPFM b (m s 3.57 Vi (m s!) 10.611
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Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCmax (m S’l)

RPDE (%)

Rank
a
b (ms™)

Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCmax (ms™")

RPDE (%)

Rank
a
b (ms™)

Vm (ms™)

Wind Power Density (W m2)
Most Frequent Velocity (m s™)
VCrmax (m Sfl)

RPDE (%)

Rank

Rayleigh

FFA-BNN

0.51

0.76

1.07
—24.10

3.11
0.20
0.267
0.71
191
0.74
80.49

1.53
0.01
0.026
161
1.86
0.17
-14.11
1

Table 9. Probability density function (PDF)-based

comparison for Visakhapatnam

Characteristics of Wind Regime PDF
Method a b (ms™) RMSE x? Rank
MoM 2.16 1.28 1.070 1.02 7
EPFM 1.70 1.30 1.060 1.02 4
MLM 2.49 1.28 1.070 1.02 8
EDM 2.02 1.27 1.060 1.02 5
EPFMS 1.63 1.28 1.060 1.02 6
NEPFM 211 0.82 1.060 1.01 3
Rayleigh 3.11 1.30 1.030 1.01 2
FFA-BNN 2.22 1.32 0.06 0.0200 1

Note: MoM = moments method; EPFM = energy pattern factor method;
MLM = maximum likelihood method; EDM = energy density method;

EPFMS: Energy Pattern Factor Method of Sathyajith; NEPFM: novel energy

pattern factor method; FFA-BNN: Firefly Algorithm-Bayesian neural
network; y2: Chi-square statistic; RMSE: root-mean-square error.

Table 10. Probability density function (PDF)-based

comparison for Rajamahendravaram

Characteristics of Wind Regime PDF
Method a b(ms') RMSE x? Rank
MoM 2.72 1.08 1.180 0.02 3
EPFM 1.47 1.12 1.180 0.02 4
MLM 2.92 1.07 1.180 0.02 5
EDM 271 1.09 1.180 0.02 6
EPFMS 1.28 1.14 1.180 0.02 7
NEPFM 2.30 0.56 1.180 0.02 8
Rayleigh 3.11 1.17 1.160 0.02 2
FFA-BNN 3.92 1.16 0.140  0.0200 1

Table 11. Probability density function (PDF)-based
comparison for Amaravati

Characteristics of Wind Regime PDF
Method a b(ms"') RMSE x? Rank
MoM 2.80 2.24 0.14 1.19 8
EPFM 1.72 2.25 0.14 1.01 3
MLM 2.14 2.26 0.14 1.01 4
EDM 1.86 224 0.14 1.01 5
EPFMS 1.77 2.25 0.14 1.01 6
NEPFM 1.86 1.57 0.14 1.01 7
Rayleigh 311 2.27 0.13 1.01 2
FFA-BNN 3.02 2.32 0.11 0.0100 1
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Regarding a practical wind energy engineering point of
view, better parameter estimation will result in the better
prediction of wind power density and turbine performance
features. Wind variability is a critical aspect of the wind
modeling that is necessary to optimize turbine locating,
predicting the energy production in the long-term, and
mitigating financial risk posed by the renewable energy
investments. The findings indicate that the hybrid FFA-BNN
model offers consistency in predictive performance in
heterogeneous geographical settings, implying that the
technique is applicable to the real-world wind resource
assessment problem where the environment is prone to
uncertainty and is very dynamic.

Table 12. Probability density function (PDF)-based
comparison for Tirupati

Characteristics of Wind Regime PDF
Method a b(ms') RMSE x> Rank
MoM 1.59 0.19 0.04 0.0015 4
EPFM 1.44 0.20 0.03 0.0010 2
MLM 1.72 0.19 0.05 0.0030 6
EDM 151 0.20 0.04 0.0015 5
EPFMS 1.52 0.20 0.04 0.0013 3
NEPFM 1.53 0.01 0.07 0.0054 8
Rayleigh 3.22 0.20 0.07 0.0052 7
FFA-BNN 1.53 0.01 0.02  0.0061 1

Table 13. Cumulative distribution function (CDF)-based
comparison for Visakhapatnam

Characteristics of Wind Regime CDF
Method a b(ms') RMSE x? Rank
MoM 2.16 1.28 1.26 111 3
EPFM 1.70 1.30 1.26 111 4
MLM 2.49 1.28 1.26 111 5
EDM 2.02 127 1.26 111 6
EPFMS 1.63 1.28 1.26 111 7
NEPFM 211 0.82 1.29 1.14 8
Rayleigh 3.33 1.30 1.25 1.10 2
FFA-BNN 2.22 1.32 0.04 0.0200 1

Table 14. Cumulative distribution function (CDF)-based
comparison for Rajamahendravaram

Characteristics of Wind Regime CDF
Method a b(ms?') RMSE x? Rank
MoM 2.72 1.17 0.11 1.02 4
EPFM 1.47 1.01 0.9 1.02 7
MLM 2.92 1.16 0.11 1.02 5
EDM 3.71 1.18 0.11 1.02 6
EPFMS 2.28 1.03 0.9 1.02 8
NEPFM 3.30 145 0.07 1.02 2
Rayleigh 3.00 1.06 0.08 1.02 3
FFA-BNN 3.92 1.16 0.05 0.0200 1

Table 15. Cumulative distribution function (CDF)-based

comparison for Amaravati

Characteristics of Wind Regime CDF
Method a b (ms™) RMSE 2 Rank
MoM 2.80 2.24 0.9 1.02 6
EPFM 1.72 2.25 0.08 1.02 3
MLM 2.14 2.26 0.10 1.02 5
EDM 1.86 2.24 0.9 1.02 7
EPFMS 1.77 2.25 0.9 1.02 8
NEPFM 1.86 1.57 0.08 1.02 4
Rayleigh 311 2.27 0.06 1.02 2
FFA-BNN 3.02 2.32 0.04 0.01 1




Table 16. Cumulative distribution function (CDF)-based
comparison for Tirupati

Characteristics of Wind Regime CDF
Method a b(ms') RMSE x? Rank
MoM 1.59 1.19 111 0.0136 5
EPFM 1.44 1.20 111 0.0131 3
MLM 1.72 1.19 111 0.0143 7
EDM 151 1.20 111 0.0136 6
EPFMS 1.52 1.20 111 0.0135 4
NEPFM 1.53 1.01 1.9 0.0088 8
Rayleigh 3.11 1.20 0.10 0.0107 2
FFA-BNN 1.53 0.01 0.07 0.0061 1

8.1 Site-wise performance breakdown of FFA-BNN and
conditions of superiority

It should be noted that the aim of this study is not to check
the superiority of the inverse Weibull distribution compared to
other probability distributions like Gamma or Lognormal
distribution but to see whether this distribution is the best
choice. Instead, the aim is to compare the various parameter-
estimation techniques in the inverse Weibull framework and
determine which estimation technique yields the best overall
performance from a point of view of RPDE, RMSE, PDF/CDF
goodness-of-fit and the G3WD ensemble evaluation.

We summaries the results at each site in Table 17 and
provide detailed performance tables for each site. As can be
seen in Tables 5-8, across the four sites FFA—BNN has the
best or most competitive RPDE performance. As
demonstrated in Tables 9—12, the fitting accuracy of FFA—
BNN is the lowest RMSE and highest goodness-of-fit among
the corresponding site-level comparisons for PDF-based
fitting accuracy. Compared to the empirical cumulative wind-
speed distributions, presented in Tables 13—16, FFA—BNN has
the best overall agreement in terms of fitting accuracy for the
CDF. From these results, it is observed that the hybrid
approach not only performs well in one criterion but also is
stable across the various evaluation metrics used in RPDE,
PDF fitting, CDF fitting and G3WD based decision ranking.

The distribution of wind speed for Visakhapatnam (coastal
wind regime) has a seasonal variation in both the centre and
the upper tail. When the conditions are like this, FFA-BNN
gives the best overall agreement to the empirical distribution
especially on PDF and CDF fitting accuracy. This suggests
that the hybrid model would be appropriate for sites on the
coast where seasonal variability and tail behavior are
significant for the wind-energy assessment.

The month-to-month variation is seen to be higher for the
standard deviation of the region of high variability than
observed at other sites, as in the case of Rajamahendravaram.
This variability can result in a less smooth estimation surface
for the classical estimators. The FA is used to enhance the
search process by mitigating the dependence of initial
parameters and local minima to the search process, with the
BNN component used to stabilize the estimation process in
uncertain scenarios. The benefit of FFA—BNN is particularly
pronounced at locations characterized by significant wind
fluctuations and variability within each year, and by varying
wind directions.

The length of wind-speed series is less for Amaravati when
compared with the other sites. The shorter the data records, the
more uncertain the estimation is, particularly in the case of
methods that rely heavily on sample moments or likelihood
estimation through iteration. The Bayesian part of FFA-BNN
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acts as a regularizing effect and the FA helps in finding the
optimal inverse Weibull parameters. The good results of
RPDE and RMSE for Amaravati thus justify the usefulness of
FFA-BNN in limited sample situations.

The wind-speed pattern over Tirupati is different from the
coastal and inland sites as it is the upland, terrain influenced
regime. When the fitting of PDF/CDF is taken together with
RPDE, then energy-pattern-factor-based methods are still
useful baseline estimators, but FFA-BNN gives better overall
distributional agreement. This validates the proposed method
for a larger benefit when the objective of the evaluation goes
beyond just error in wind power density, but also incorporates
the distribution of fidelity.

FFA-BNN is empirically better than the base at large in
cases where the wind-speed data has high intra-annual
variability, heteroscedasticity, a short sample length, or where
model selection requires using more than one of the RPDE,
RMSE, PDF/CDF goodness-of-fit, or G3WD rankings. The
results of the simpler estimators (EPFM, EPFMS, EDM and
NEPFM) are, by comparison, not as stable across sites and
across metrics as the hybrid FFA-BNN estimator, as can be
seen from Tables 5-18.

As seen in Tables A1-A4, several of the values for shape
parameters a are less than the threshold, @ = 3. The parameter
combinations for which the analytical third moment of the
fitted inverse Weibull distribution is not finite for those
parameter combinations. So, in general, the wind-power-
density comparisons should be taken in terms of empirical
finite-sample estimates of wind-speed cubed, specifically and
not in terms of theoretical third-moment expressions of all
fitted distributions.

The shape parameters fitted in Appendix Tables A1-A4
were checked and a few estimates fall below the critical value
a = 3. So, for those combinations of parameters the third
moment of the fitted inverse Weibull distribution is
theoretically not finite. Hence, the wind-power-density and
RPDE values given in Tables 5-8, should be understood as
empirical, finite-sample estimates, for which the wind speed
data from the observations have been used, rather than as
analytical third-moment values of each of the wind speed
models fitted.

Table 5 presents the RPDE values obtained for
Visakhapatnam. Lower RPDE values indicate closer
agreement between the estimated and observed wind power
density. The results demonstrate the relative performance of
the competing parameter-estimation methods under coastal
wind conditions.

Further, the RPDE values are tabulated for
Rajamahendravaram as shown in Table 6. Smaller RPDE
values suggest that the estimation and measurement of wind
power density are more consistent. The results show the
relative success of the two wind parameter estimation
techniques under the wind conditions at this site.

The RPDE values for Amaravati obtained are presented in
Table 7. The accuracy of wind power density estimation is the
important criterion of the RPDE and thus it can give a direct
indication of the appropriate use of the parameters fitted for
wind-energy assessment applications.

The RPDE values obtained for the city of Tirupati is shown
in Table 8. The results show the relative capability of the
different estimation methods to capture the wind power
density characteristics of the study site.

Table 9 presents the RMSE (PDF) results for
Visakhapatnam. Smaller RMSE values indicate better



agreement between the fitted Inverse Weibull probability
density function and the observed wind-speed distribution.

The RMSE (PDF) values for Rajamahendravaram are given
in Table 10. The smaller the RMSE the closer the fitted Inverse
Weibull probability density function is to the empirical wind-
speed distribution. Results offer a quantitative evaluation of
the accuracy of PDF fitting for the different estimation
methods.

The RMSE (PDF) results for Amaravati are given in Table
11. The smaller RMSE values are the better the fitted
probability density functions are in agreement with the
frequencies of the wind speeds, which indicates better
distribution-fitting performance.

The RMSE (PDF) values at Tirupati are given in Table 12.
The RMSE (PDF) criterion gives a measure of the difference
between the fitted and observed pdf and can thus be used to
evaluate the goodness of fit for the distribution.

Table 13 presents the RMSE (CDF) and goodness-of-fit
results for Visakhapatnam. These statistics quantify the ability
of the fitted cumulative distribution function to reproduce the
empirical wind-speed distribution.

The RMSE (CDF) and goodness-of-fit statistics for
Rajamahendravaram are given in Table 14. These measures
assess the performance of the fitted cumulative distribution
functions to capture the observed behavior of the wind speed
and offer another basis for assessment of the performance of
estimation methods.

Table 15 shows the RMSE (CDF) and goodness of fit
statistics for Amaravati. The results quantify the capability of
the fitted cumulative distribution to represent the empirical
wind-speed data and help comparative evaluation of the
estimation methods.

The results of Tirupati in terms of RMSE (CDF) and
goodness-of-fit statistics are tabulated as Table 16. These
statistics complement those used above to evaluate model
performance by measuring the agreement between the fitted
cumulative distribution functions and the empirical wind-
speed observations.

8.2 Sensitivity analysis of Firefly Algorithm parameters

To evaluate the robustness of the hybrid FFA-BNN
framework, a sensitivity analysis was conducted on key FA
parameters, including the attractiveness coefficient (f,), light
absorption coefficient (y), and randomization step length ().
Each parameter was varied within commonly reported ranges
(B, €[0.5,2.0],y € [0.5,2.0],« € [0.1,0.4]), while
maintaining all other model components constant. The results
indicated that prediction accuracy remained stable within
moderate parameter ranges, confirming the robustness of the
hybrid optimization process. Excessively large a values
increased variance in parameter estimation, while very small
y values slowed convergence. The selected parameter
configuration achieved a favorable balance between
convergence speed and estimation accuracy. These findings
demonstrate that the proposed hybrid model is not highly
sensitive to moderate variations in FA hyperparameters,
supporting its practical applicability for wind resource
assessment under uncertain environmental conditions.

8.3 Ensemble ranking and grading using the generalized
three-way decision framework

Although each of these metrics is useful in its own right, it
is of paramount importance to regard only one criterion
because this aspect can result in skewed conclusions. To
consider the evaluation with strength we used the work on the
ensemble ranking and grading which allows multiple causes to
enter the uniform decision-making process. All metrics (AIC,
BIC, CAIC, HQIC, MSE, RMSE, KS) were used to rank each
of the models. The ranks were subsequently combined to
calculate total performance score. On the basis of their average
rank position, models were thereafter allocated a score:

Grade POS: always in the top in most parameters,

Grade NEG: moderately competitive but not influential,

Grade BND: lower fit on numerous measures.

Table 17. According to the G3WD evaluation framework, FFA-BNN consistently achieved POS classification

Site Metric

Best Performer(s) —

Middle Performers Poor Performers

Rank 1 (POS) (Ranks 2-5) BND (Lowest Ranks) NEG
RMSE (pdf) FFA-BNN NEPFM, EPFM, EDM MLM, Rayleigh
Visakhapatnam RMSE (cdf) FFA-BNN NEPFM, EPFMS, MoM MLM, Rayleigh
RPDE (%) FFA-BNN (lowest error) NEPFM, EDM Rayleigh (extreme error)
RMSE (pdf) FFA-BNN NEPFM, EPFM, MoM MLM, Rayleigh
Rajamahendravaram RMSE (cdf) FFA-BNN NEPFM, EPFMS, EDM MLM, Rayleigh
RPDE (%) FFA-BNN (lowest error) NEPFM Rayleigh
RMSE (pdf) FFA-BNN NEPFM, EPFM, EDM MLM, Rayleigh
Amaravati RMSE (cdf) FFA-BNN NEPFM, EPFMS MLM, Rayleigh
RPDE (%) FFA-BNN (lowest error) NEPFM Rayleigh (very high error)
RMSE (pdf) FFA-BNN NEPFM, EPFM MLM, Rayleigh
Tirupati RMSE (cdf) FFA-BNN NEPFM, EPFMS MLM, Rayleigh
RPDE (%) FFA-BNN (lowest error) NEPFM Rayleigh (worst bias)

Note: MoM = moments method; EPFM = energy pattern factor method; MLM = maximum likelihood method; EDM = energy density method; EPFMS: Energy
Pattern Factor Method of Sathyajith; NEPFM: novel energy pattern factor method; FFA-BNN: Firefly Algorithm—Bayesian neural network; y2: Chi-square
statistic; RMSE: root-mean-square error; G3WD = generalized three-way decision; RPDE = relative power-density error; POS = positive region; BND =
boundary region; NEG = negative region.

This combined process diminishes the effect of a single
measure and accents the models that work well in different
facets of fit and prediction. Findings in Table 17 demonstrate
that the FFA—BNN estimator repeatedly achieved the highest
ranking and was consistently classified as POS under the
G3WD evaluation framework across multiple datasets.
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RPDE, RMSE(PDF), RMSE(CDF), and goodness-of-fit
statistics were used to assess the performance of the eight
parameter-estimation methods for the four study sites. Based
on the results presented in Tables 617, a few methods,
especially NEPFM, EPFM and EDM, achieved competitive
performance for some datasets and respective evaluation



metrics. As none of the above-mentioned metrics is sufficient
to describe the performance of a model, a multi criteria
evaluation was carried out, following the G3WD framework.
The ensemble evaluation presented in Table 17 was combined
with Tables 6-17 to obtain the overall results. FFA-BNN
ranks best overall at all four study sites. NEPFM, EPFM and
EDM were competitive in some of the individual comparisons,
but in the final multi-criteria ranking FFA-BNN is found to be
the Rank 1/POS (Rank 1) estimator for Visakhapatnam,
Rajamahendravaram, Amaravati and Tirupati. Hence, the
general conclusions of this study are based on the ensemble
ranking results and not on individual performance indicators.
As shown in Table 17, the overall ranking for FFA—BNN
was always the highest, and it was always ranked as POS
following the G3WD evaluation. The ensemble decision
process showed that FFA-BNN has the highest reliability as
an estimator when all of the evaluation criteria were taken into
account, although NEPFM, EPFM and EDM performed well
in some specific individual metrics. This means that FFA—
BNN is proposed to be used as the optimum estimation method
for the inverse Weibull parameter estimation and wind-power-
potential calculation for the study regions under consideration.

8.4 Practical generalized three-way decision-based
selection of parameter estimation methods

The following empirical performance results (Tables 6—17)
were used to apply the G3WD decision procedure to show how
G3WD can be practically applied. These method-specific error
values (RPDE, RMSE for PDF/CDF and goodness-of-fit
statistics) were normalized across the methods and then

aggregated to calculate the overall compromise score and
conditional probability for each method for each site. Each
method was then categorized into either POS, BND, or NEG
based on the loss thresholds produced.

The comparative results are synthesized and interpreted in
the G3WD outcomes. Methods assigned to POS are methods
that are simultaneously both accurate in energy-density
estimation (low RPDE) and distributional representation (low
RMSE and better goodness-of-fit) indicating reliable
parameter estimation in the inverse Weibull model within the
wind regime of the site. Performance of methods in the BND
region is moderate but depends on the metric or location, so
these might be appropriate if simplicity of the model or
interpretability of the results are important considerations, but
should not be used as the only basis for selecting models.
Methods that are classified as NEG tend to have marginal
empirical performance, and are included only as a baseline
comparator.

Importantly, this decision-layer output does not repeat the
raw tables; it transforms multi-table, multi-metric evidence
into a single decision-making selection framework, which
allows for repeatable method selection across locations and
helps to make sense of when to choose a method when
uncertainty exists.

Table 18 shows the final results of the eight parameter-
estimation methods ranked and classified by G3WD. The
combined evaluation of three statistics of the RPDE, RMSE
(PDF), RMSE (CDF) and one goodness-of-fit statistic has
been used to derive the rankings, and the POS, BND, NEG
labels are the final decision outcomes of the G3WD
framework.

Table 18. Generalized three-way decision (G3WD)-based classification and ranking of the eight parameter-estimation

methods

Method Visakhapatnam Rajamahendravaram Amaravati Tirupati
FFA-BNN POS POS POS POS
NEPFM POS BND POS POS
EPFM BND BND BND BND
EPFMS BND BND BND BND
EDM BND BND BND BND
MoM BND BND BND BND
MLE NEG NEG NEG NEG
Rayleigh NEG NEG NEG NEG

Note: MoM = moments method; EPFM = energy pattern factor method; MLE = maximum likelihood estimation; EDM = energy density method; EPFMS:
Energy Pattern Factor Method of Sathyajith; NEPFM: novel energy pattern factor method; FFA-BNN: Firefly Algorithm-Bayesian neural network; POS =
positive region; BND = boundary region; NEG = negative region.

The eight parameter-estimation methods shown in Table 18
are used in the final evaluations. The results of the POS, BND
and NEG assignments are outcomes of the G3WD framework
and should not be interpreted as additional estimation models
or probability distributions. The respective performance of the
eight parameter-estimation methods is thus summarized into
the final ranking, taking into account all the evaluation criteria.
The methods assigned to the POS region are considered to be
the most appropriate overall performance, the methods
assigned to the BND region have intermediate or uncertain
performance and the methods assigned to the NEG region have
comparatively weak overall performance.

9. CONCLUSIONS AND FUTURE WORK

This study showed the comparison of eight parameter-
estimation techniques for the inverse Weibull distribution
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based on wind-speed data obtained from four representative
sites of Andhra Pradesh, India: Visakhapatnam,
Rajamahendravaram, Amaravati and Tirupati. The methods
evaluated were MoM, MLM, EDM, EPFM, EPFMS, NEPFM,
Rayleigh, and the proposed model FFA-BNN. Multiple
criteria such as RPDE, RMSE, PDF fitting accuracy, CDF
fitting accuracy and goodness-of-fit statistics were used for the
comparative analysis. In order to incorporate these criteria in
a coherent decision process, a post-estimation evaluation and
ranking tool called G3WD was used. Using the multi-criteria
overall framework, the results demonstrated the overall best
performance for the FFA—BNN approach across the four study
sites. The errors of estimation were found to be smaller in the
hybrid model, its distribution was found to fit better, and the
robustness of the model was found to be higher for different
wind speed regimes. It was also found that the fusion of the
Bayesian probabilistic learning with the Firefly-based global
optimization resulted in more reliable estimation of the



parameters than the conventional numerical methods. The
results for each individual metric and for site-specific analyses
were competitive for these alternative memberships but
overall did not achieve the best results compared to FFA-BNN
when all of the metrics were evaluated together. The G3WD
ensemble ranking showed that FFA—-BNN was ranked as the
Rank 1/POS method at all study locations, supporting the use
of FFA-BNN as the preferred method of estimation in the
proposed decision process. The study also shows the
usefulness, in practice, of using a combination of statistical
modelling, machine learning, metaheuristic optimization and
decision-theoretic evaluation for wind resource assessment.
The proposed framework could be extended to other
probability distributions, larger wind datasets, other climatic
regions and more sophisticated uncertainty-aware learning
architectures in the future to further enhance wind power
potential estimation and renewable-energy planning.
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APPENDIX Feb 3.32 2.82

Mar 221 341
The monthly Inverse Weibull parameter-estimation results Apr 2.18 3.16
for the four study sites are presented in Appendix A. The shape May 214 3.86
parameter a and the scale parameter b resulting from the eight JJTJT iig égg
competing estimatioq rpethods are showq in these'tables. They Aug 3:17 1:5 4
are included as additional supporting information, as they Sep 1.74 3.07
contain detailed numerical data for the distribution-fitting Oct 1.41 284
analysis, but the main manuscript only contains the summary Nov 1.89 1.15
performance tables that are necessary to support the main Dec 1.52 3.02
findings. Avg 1.99 2.73
Jan 2.45 0.35
Table Al. Inverse Weibull shape and scale parameter I'\:/Ieabr ééi g‘llé
estimates from various methods at Visakhapatnam Apr 312 137
May 2.48 1.28
Model Month a b Jun 238 1.13
Jan 2.35 0.69 NEPFM Jul 253 1.34
Feb 1.35 0.81 Aug 243 292
Mar 3.06 1.39 Sep 1.96 2.72
Apr 3.01 2.03 Oct 1.44 1.42
May 2.30 1.85 Nov 2.05 2.70
Jun 214 1.54 Dec 1.61 2.57
MM Jul 2.33 1.56 Avg 2.21 1.80
Aug 2.00 1.43 Jan 3.11 1.72
Sep 1.77 1.06 Feb 3.21 1.82
Oct 1.25 0.84 Mar 3.12 2.45
Nov 2.03 1.14 Apr 3.22 2.08
Dec 1.30 1.02 May 3.11 1.99
Avg 207 1.28 Jun 3.31 1.78
Jan 211 2.70 Rayleigh Jul 3.13 1.66
Feb 1.14 2.82 Aug 3.23 1.66
Mar 2.39 3.41 Sep 3.32 118
Apr 233 1.04 Oct 3.31 1.84
May 213 1.86 Nov 3.32 1.27
Jun 2.15 1.66 Dec 3.10 1.13
EPFM Jul 2.03 3.67 Avg 3.20 171
Aug 216 353 Jan 2.36 0.69
Sep 1.67 3.07 Feb 1.36 0.83
Oct 1.24 2.84 Mar 3.87 1.51
Nov 1.88 115 Apr 3.91 2.23
Dec 1.38 3.02 May 231 1.86
Avg 1.88 256 Jun 2.15 1.55
Jan 537 0.72 FFA-BNN Jul 2.34 156
Feb 2.49 0.81 Aug 2.01 1.44
Mar 2.87 3.40 Sep 178 1.07
Apr 434 3.85 Oct 1.26 0.87
May 2.43 3.86 Nov 2.04 1.15
Jun 3.13 3.62 Dec 1.31 1.05
MLM Jul 222 3.54 Avg 2.22 1.32
Aug 2.16 3.55
Sep 2.28 3.08 Table A2. Inverse Weibull shape and scale parameter
Oct 1.34 3.12 estimates from various methods at Rajamahendravaram
Nov 2.84 3.13
Dec 1.43 3.09 Model Month a b
Avg 2.49 2.98 Jan 418 151
Jan 446 0.69 Feb 2.13 2.99
Feb 3.13 0.82 Mar 7.81 171
Mar 5.04 1.38 Apr 4.15 2.07
Apr 4.00 1.12 6.71 290
May 4.48 1.84 May : :
Jun 4.19 165 Jun 2.48 2.48
EDM Jul 431 1.52 MM Jul 2.10 2.46
Sep 3.75 1.07 Sep 214 1.83
Oct 3.23 0.84 Oct 3.16 1.33
Nov 4.05 1.14 Nov 3.18 1.77
Dec 3.39 1.02 Dec 3.83 1.67
Avg 4.02 121 Avg 3.61 2.17
EPFMS Jan 2.05 2.70 EPFM Jan 2.67 1.56
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MLM

EDM

EPFMS

NEPFM

Rayleigh

Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec
Avg
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec
Avg
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec
Avg
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
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Dec
Avg
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec
Avg
Jan
Feb
Mar
Apr
May
Jun
Jul

1.47
3.25
2.64
3.17
2.04
2.13
2.04
1.80
2.38
231
2.66
2.36
3.31
3.41
6.47
6.38
6.05
3.23
2.11
231
2.46
2.65
4.08
3.37
3.92
414
151
8.30
3.83
7.12
2.34
2.15
2.34
2.15
3.06
2.84
4.99
3.60
2.38
1.60
2.71
2.36
2.64
2.00
2.12
2.00
1.83
2.21
2.15
2.37
2.17
414
151
3.33
3.83
7.14
2.34
2.15
2.34
2.15
3.06
2.84
4.10
3.21
3.00
3.00
3.00
3.00
3.00
3.00
3.00

2.10
1.82
2.13
231
2.50
2.47
2.74
1.84
1.35
1.80
171
2.01
1.52
181
171
2.18
221
2.44
2.54
2.73
1.82
1.34
1.72
1.67
2.16
1.52
2.10
1.70
2.08
221
2.51
2.52
2.72
1.84
1.33
1.78
1.67
2.18
1.57
2.10
1.84
2.14
2.33
2.51
2.53
2.74
1.84
1.36
181
1.73
2.03
111
1.27
1.42
1.57
1.82
1.80
1.76
2.01
1.24
1.10
1.26
1.23
1.45
2.72
3.02
3.01
3.30
3.51
3.65
3.67
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Aug 3.00 3.89
Sep 3.00 2.97
Oct 3.00 2.50
Nov 3.00 2.95
Dec 3.00 2.88
Avg 3.00 3.17
Jan 4.06 1.50
Feb 2.14 3.00
Mar 7.80 1.71
Apr 4.17 2.07
May 6.70 2.20
Jun 2.49 2.49
FFA-BNN Jul 211 247
Aug 2.33 2.73
Sep 2.15 1.84
Oct 3.89 143
Nov 3.94 1.90
Dec 4.16 1.71
Avg 3.83 2.09

Table A3. Inverse Weibull shape and scale parameter

estimates from various methods at Amaravati

Model Month a b
Jan 3.51 1.44
Feb 3.14 1.81
Mar 2.01 2.28
Apr 2.30 2.88
May 2.00 3.40
Jun 3.60 3.27
MM Jul 3.55 2.63
Aug 2.07 3.13
Sep 2.14 2.37
Oct 4.06 121
Nov 3.27 1.73
Dec 2.04 1.14
Avg 2.80 2.27
Jan 3.54 1.45
Feb 3.04 1.81
Mar 1.78 2.51
Apr 2.00 3.11
May 2.38 3.44
Jun 3.55 3.28
EPFM Jul 3.58 2.63
Aug 2.00 3.14
Sep 2.01 2.28
Oct 3.60 3.20
Nov 321 3.74
Dec 2.01 1.14
Avg 1.72 2.64
Jan 3.64 1.50
Feb 2.07 1.81
Mar 4.02 2.31
Apr 5.07 2.84
May 3.00 3.40
Jun 4.13 3.26
MLM Jul 3.70 2.67
Aug 2.10 3.15
Sep 4.77 2.24
Oct 3.63 1.24
Nov 3.58 1.78
Dec 4.08 1.17
Avg 2.64 2.28
Jan 151 1.44
Feb 1.12 1.81
Mar 2.10 2.28
EDM Apr 2.16 3.11
May 2.14 341
Jun 1.50 3.27
Jul 1.53 2.63




EPFMS

NEPFM

Rayleigh

FFA-BNN

Aug
Sep
Oct
Nov
Dec
Avg
Jan

Feb
Mar
Apr
May
Jun

Jul

Aug
Sep
Oct
Nov
Dec
Avg
Jan

Feb
Mar
Apr
May
Jun

Jul

Aug
Sep
Oct
Nov
Dec
Avg
Jan

Feb
Mar
Apr
May
Jun

Jul

Aug
Sep
Oct
Nov
Dec
Avg
Jan

Feb
Mar
Apr
May
Jun

Jul

Aug
Sep
Oct
Nov
Dec
Avg

2.01
2.00
1.56
1.10
2.01
1.72
2.65
2.14
2.82
3.07
3.21
2.66
2.68
3.00
3.01
2.70
2.38
3.01
2.77
2.60
2.03
3.01
3.27
4.05
2.61
2.64
3.10
3.11
2.67
221
3.12
2.86
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.00
3.93
3.89
2.02
2.31
2.01
3.99
3.93
2.08
2.15
414
3.79
2.05
3.02

3.12
2.27
1.20
1.74
1.14
2.56
2.55
2.90
3.39
4.02
4.56
4.38
3.74
4.05
3.39
231
2.84
2.05
3.35
2.02
2.28
2.71
3.23
3.72
3.47
297
3.24
2.72
1.83
2.24
1.65
2.67
2.56
2.90
3.42
4.05
4.62
4.40
3.76
4.08
3.42
2.32
2.84
2.07
3.37
1.49
1.95
2.29
2.89
3.42
3.37
2.71
3.14
2.38
1.22
1.82
1.15
2.32

Table A4. Inverse Weibull shape and scale parameter

estimates from various methods at Tirupati

Model Month a b
Jan 1.88 0.42
Feb 1.37 2.30
Mar 3.67 2.13
MM Apr 2.04 1.86
May 2.27 0.12
Jun 1.41 244
Jul 0.65 2.18
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Aug 0.80 2.17
Sep 1.56 2.17
Oct 0.60 2.11
Nov 1.30 2.60
Dec 1.64 2.56
Avg 1.59 1.92
Jan 3.76 2.42
Feb 3.07 2.52
Mar 2.66 2.14
Apr 3.75 1.86
May 2.06 2.10
Jun 3.34 2.24
EPFM Jul 2.76 2.18
Aug 3.04 2.17
Sep 3.43 217
Oct 2.57 2.10
Nov 321 2.60
Dec 1.63 2.56
Avg 2.94 2.25
Jan 211 2.45
Feb 3.22 2.30
Mar 411 2.01
Apr 2.61 1.80
May 441 1.85
Jun 3.77 2.25
MLM Jul 2.75 2.20
Aug 0.82 2.14
Sep 2.00 2.04
Oct 0.72 2.06
Nov 3.56 2.64
Dec 3.70 2.60
Avg 191 241
Jan 2.00 1.53
Feb 2.05 141
Mar 4.87 1.04
Apr 2.87 0.97
May 3.37 1.01
Jun 2.35 1.35
EDM Jul 1.75 1.31
Aug 2.02 1.28
Sep 245 1.08
Oct 1.57 1.20
Nov 2.20 1.71
Dec 271 1.67
Avg 251 1.30
Jan 2.81 153
Feb 2.26 141
Mar 3.37 1.06
Apr 2.80 0.97
May 3.01 1.01
Jun 2.50 1.35
EPFMS Jul 2.06 1.31
Aug 2.14 1.28
Sep 2.56 1.08
Oct 1.74 1.21
Nov 2.38 1.70
Dec 2.72 1.67
Avg 2.52 1.30
Jan 3.00 1.22
Feb 2.05 1.11
Mar 4.00 0.87
Apr 2.88 0.78
May 3.38 0.82
Jun 2.35 1.06
NEPFM Jul 1.76 1.02
Aug 2.03 1.01
Sep 2.45 0.86
Oct 1.57 0.96
Nov 2.20 1.34
Dec 271 1.33
Avg 2.53 1.03




Jan 3.00 1.54 Jan 1.90 0.43
Feb 3.00 1.41 Feb 1.38 2.35
Mar 3.00 1.07 Mar 4.13 2.20
Apr 3.00 0.98 Apr 2.05 1.87
May 3.00 1.02 May 2.29 0.12
Jun 3.00 1.35 Jun 1.42 2.48
Rayleigh Jul 3.00 1.31 FFA-BNN Jul 1.20 0.47
Aug 3.00 1.28 Aug 1.20 0.47
Sep 3.00 1.09 Sep 157 2.20
Oct 3.00 1.21 Oct 1.20 0.45
Nov 3.00 1.71 Nov 1.31 2.67
Dec 3.00 1.68 Dec 1.65 2.58
Avg 3.00 1.30 Avg 1.77 1.52
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