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Abstract—This paper presents a comprehensive empirical
study of five different distribution functions to analysis the wind
energy potential, namely, Rayleigh, Gamma, Extreme Value,
Logistic, and T Location-Scale. In addition, three metaheuristics
optimization methods, Grey Wolf Optimization, Marine
Predators Algorithm, and Multi-Verse Optimizer are utilized to
determine the optimal parameter values of each distribution. To
test the accuracy of the introduced distributions and
optimization methods, five error measures are investigated and
compared such as mean absolute error, root mean square error,
regression coefficient, correlation coefficient, and net fitness. To
conduct this analysis, the Catalca site in the Marmara region in
Istanbul, Republic of Turkey is selected to be the case study. The
experimental results confirm that all introduced distributions
based on optimization methods are efficient to model wind speed
distribution in the selected site. Rayleigh distribution achieved
the best matching while Extreme Value distribution provided
the worst matching. Finally, many valuable observations drawn
from this study are also discussed. MATLAB 2020b and Excel
365 were used to perform this study.

Keywords— Wind Energy Approximation, Probability
Distribution Function (PDF), Cumulative Distribution Function
(CDF), Inverse CDF (ICDF), GWO, MPA, MV O.

I.  INTRODUCTION

Wind potential approximation is crucial for many causes
like planning wind farms, feasibility analyses, turbine design,
and long-term investment decisions. Approximation wind
potential primarily relies on the wind speed distribution. Wind
speed distribution for a specific location shows the available
wind potential. Once the wind pattern is created, the wind
potential can easily be determined. Thus, wind regime
description via distribution functions is a significant step.
During the two last decades, many Probability Density
Functions (PDFs) were employed to describe wind speed
patterns like Weibull [1,2], Rayleigh [3], Gamma [4], Normal
[5], Lognormal [6], Logistical [7], Beta [8], Nakagami [9],
Burr [10] distribution functions, and others. However,
Rayleigh, Gamma, and Weibull distributions are the most
widely used among these functions [11,12,13]. The Weibull
distribution was introduced to analyze the features of wind
data for three datasets at Catalca, Turkey [12]. Three
assessment methods for Weibull parameters: approximation,
graphical, and Energy Pattern Factor (EPF) methods, were
examined and compared. Wind speed data for two-year in
Pakistan at four different hub heights were utilized to assess
the wind potential based on Weibull distribution [13]. The
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parameters were modeled based on three optimization
algorithms; Grey Wolf Optimization (GWO), Particle Swarm
Optimization (PSO), and Cuckoo Search Optimization (CSO).
Besides, four numerical methods, like EPF, Method of
Moments (MOM), Empirical Method of Justus (EMJ), and
Modified Maximum Likelihood (MML) estimation methods,
were employed. Six estimation methods, namely Mean
Standard Deviation (MSD), least-squares (LS), Method of
Moment (MOM), EPF, Power Density (PD), and Genetic
Algorithm (GA), to model the wind speed distribution [14].
Five error criteria were employed to estimate these
distributions' Goodness-Of-Fitting (GOF). The obtained
results revealed that GA exceeded the other assessment
methods while EPF provided the worst matching.

Four assessment methods to evaluate Weibull distribution
parameters, like graphical, empirical, EPF, and MML, then to
assess the capacity factor of wind turbines were introduced in
[15]. MML technique achieved the best matching while the
graphical method provided the most insufficient matching.
The airport site's wind speed in Dolny Hricov was
approximated in Lognormal, Gamma, and Weibull [16]. ML
assessment approach was applied to select the parameters of
these distributions. The 3-parameter Weibull and the 2-
parameter Weibull achieved the best first and second fitting,
respectively.

In some cases, due to the variability of wind speed
patterns, some distributions fail to achieve a satisfactory
matching. In other cases, the computations complexity of
parameters of some distributions forces to employ others.
Thus, considerable researchers suggested different
distributions, such as Birnbaum Saunders [17,18].
Mohammadi et al. [18] introduced the Birnbaum Saunders
distribution to approximate the wind shape at ten different
locations over Ontario, Canada. The GOF of the 2-parameter
Birnbaum Saunders distribution was compared with other
nine one-component distributions, and the Birnbaum
Saunders distribution surpassed all the other distributions.

Many studies using Burr and inverse Burr distributions
have appeared in the literature [10,19,20,21]. Burr distribution
to represent wind frequency data in Antakya, Turkey, was
introduced [10]. From the GOF view, the Burr distribution
accomplished fitting more than the Weibull and Gamma
distributions. The inverse Burr distribution with two-
parameter to estimate the wind speed extreme values was
introduced in [20]. Three estimation techniques: moment, ML,
and quantile, were used. The inverse Burr distribution
accomplished the most proper matching.
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Due to the unsteady and stochastic nature of wind speed,
different distribution functions must be used on the location.
Thus, this paper suggests a comprehensive study to compare
the performance of five distributions, namely, Rayleigh,
Gamma, Extreme Value, Logistic, and T Location-Scale.
Three optimization estimation methods: Grey Wolf
Optimization (GWO), Marine Predators Algorithm (MPA),
and Multi-Verse Optimizer (MVO), were employed to assess
the most suitable parameter values of each distribution. To test
these methods, five error measures like Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), Regression
Coefficient (R?), Correlation Coefficient (R), and net fitness
were employed. Wind data for two years (2019 and 2020)
belonging to the Marmara area (Catalca) were used to carry
out this analysis.

The remainder of this study is organized into six sections:
Section II presents the methodology of selecting the optimal
parameters of the distributions using GWO, MPA, and MVO.
Section III illustrates the accuracy criteria employed to
examine each distribution's performance. Besides, Section [V
gives the results. Finally, Section V illustrates the conclusion.

II.  MATERIALS AND METHODOLOGY

Evolutionary = Algorithms (EAs) are prevalent in
considerable research areas. This is owed to their simplicity,
flexibility, and capability to bypass local optima. On the other
hand, EAs may suffer from weaknesses like long computation
time, no guarantee to converge, and several operating
parameters to be adjusted before starting [21]. In order to
overcome the limitations described above, three intelligence
algorithms, namely, GWO, MPA, and MVO, are employed.
In this section, these algorithms are presented shortly. Then,
how the metaheuristics mentioned above are exploited to
determine the optimal parameters of the presented
distributions is justified.

A. Grey Wolf Optimization

GWO algorithm emulates the trapping mechanism of grey
wolves in reality. The trapping mechanism consists of three
primary stages: seeking prey, surrounding prey, and attacking
prey [22]. The GWO method consists of three primary stages:
firstly, all grey wolves (search agents) in the pack
(population) are initialized randomly in [LB, UB], where LB
and UB are the lower and upper limits of the problem
variables, respectively. Later, the fitness score for each search
agent is assessed utilizing the objective function. So far, the
fittest solution is supposed to be alpha accompanied by beta
and delta, respectively. Meanwhile, the rest of the wolves is
arranged under the omega. The GWO optimization is carried
out by alpha, beta, and delta, whereas omega follows them.
Then, search agents renew their positions relying on the prey
position.

B. Marine Predators Algorithm

MPA simulates the food foraging tactics of marine
predators [23]. Mainly, marine predators rely on Levy and
Brownian movement and the effects of vortex generation or
Fish Aggregating Devices (FADs) [24] when searching for
prey in the deep ocean. In other words, MPA balances both
the optimal foraging strategy and encounters rate policy
between prey and predator in marine ecosystems.

The optimization by MPA can be summarized as follows.
Firstly, all marine predators (search agents) in the Prey matrix
(population) are initialized randomly in [LB, UB]. The size
of the Prey matrix is NxM, where N is the population size,
and M is the dimension of the problem variables,
respectively. Later, the fitness score for each search agent is
estimated employing the objective function, and the top
predator is determined. The best predator vector is
reproduced N times to construct the Elite matrix. Then, the
optimization method of MPA consists of three main stages:
the first stage occurs when the prey is moving quicker than
the predator in which the most suitable plan for the predator
to stay without moving. This stage happens in the first
iterations, where the exploration process matters.

The second stage occurs when both predator and prey
move at nearly the same speed. This stage happens when the
exploration process begins to convert to exploitation. That is,
the predator is responsible for exploration, whereas the prey
for exploitation. Accordingly, the predator moves in
Brownian while prey moves in Levy motion.

The third stage occurs when the predator moves faster
than the prey. This stage happens when only the exploitation
process matters. Thus, the best maneuvering for a predator is
the Levy motion.

C. Multi-Verse Optimizer

MVO simulates three concepts in cosmology, white,
black, and wormholes [25]. Indeed, white holes/black holes
and wormholes are modeled to achieve exploration and
exploitation operations in the space of the problem. The
operation of MVO can be illustrated as follows: firstly, all
universes (search agents) in the U matrix (population) are
initialized randomly in [LB, UB]. The size of the U matrix is
NxM, where N is the population size and M is the dimension
of the problem variables, respectively. Later, the fitness score
(inflation rate) for per search agent is assessed utilizing the
objective function, and the U matrix is sorted in descending
order. The best solution is updated if the fitness score of the
first universe in the sorted U is better than the fitness score of
the current best solution. Then, MVO allows moving objects
from one universe with a higher inflation rate to another with
a lower inflation rate. In this case, the universe with a high
inflation rate indicates a white hole, whereas the universe
with less inflation rate describes a black hole. Consequently,
a tunnel between the two universes will be designated to
exchange objects from white holes to black holes.
Mathematically, to model white/black hole tunnels and the
motion of objects through them, a roulette wheel is employed
to determine one of the universes from the sorted U matrix.
The selected universe by the roulette wheel is considered to
have a white hole.

Table I outlines all the used distributions, the name, and
notation of their parameters.

D. Methodology

The parameter selection of a distribution can be
represented as a non-linear optimization problem that
minimizes the mean absolute error between the real and
predicted wind speed vectors as shown in Equation (1).

min{MAE(V,,V,,)} (1

where V., and Vg4 are the vectors of measured and
predicted wind speed vectors, respectively. Equally important,



Vg4 can be obtained artificially by using the ICDF of the
distribution.

To solve the optimization problem mentioned above, EAs
can perform well these problems [25,26,27,28]. In GWO,
MPA, and MVO, a population of search agents indicates
candidate solutions to the problem. Regarding the parameter
selection problem of the distribution, each search agent
consists of integer values representing the values of the
parameters of a particular distribution. The first population of
search agents is generated randomly within defined LB and
UB parameters.

Then, the fitness score of each search agent is estimated
using Equation (1). Afterward, the population increases by
searching for the top solution using the specified operation of
the used EA. It continues in the same manner until the
condition of the number of maximum iterations is attained.

Table II presents the operation parameter values of GWO,
MPA, and MVO.

TABLE L ALL USED DISTRIBUTIONS AND THEIR PARAMETERS
Distribution Number, (Name) of parameters
Rayleigh 1, (Defining parameter)
Gamma 2, (Shape, Scale)
Extreme Value 2, (Location, Scale)
Logistic 2, (Mean, Scale)
T Location-Scale 3, (Location, Scale, Shape)

TABLE II. THE OPERATING PARAMETERS OF GWO, MPA, AND MVO

Domain Parameter Value
[5,50] 50
100 for RD, 200 for GD, 300
for EVD, LD, and TLSD
distributions
1x10°°

Parameter
Population size

Maximum number

of iterations [50, 300]

Stopping threshold | [1x10%, 1x10]

Table III presents the resulting parameter values of the
used distributions based on the employed optimization
algorithms. Notably, GWO, MPA, and MVO selected almost
the same parameter values in most cases.

III.  ACCURACY TESTS

Many statistical tests were used to discover the method
with the best GOF. Five error measures were applied in this
paper for each distribution and estimation method presented
in this study as given below:

e MAE is the mean between the real (x) and the predicted ()
wind speed vectors as follows [29]:

N
g 2 @
N

where N is the vector length.

e RMSE is the square root of the average of the differences
between the predicted and real wind speeds [30]. It is
defined as follows:

(©)
RMSE =

e Regression Coefficient manifests the degree of linearity
between the predicted wind speeds from the particular
distribution and the real data. It can be defined as follows:

N
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where z; is the i real mean wind speed.

e Correlation Coefficient reveals the degree of correlation
between two datasets. Its values are between -1 and 1. The
correlation coefficient is given below:

I & (x—-X)y,—-y
R= Z(xl )y, —-¥) (5)
N-1%5 .0,
where (X, ¥) and (oy,0y) express the mean and the
standard deviation of the real and the predicted wind speed
vectors, respectively.

e Net Fitness calculates the average of the measures
mentioned above. Furthermore, the main purpose of
applying such a test is ranking distributions based on their
overall performance. Its formula is as follows [31].

+i\RMSEi\ 1R +31-R? ()6
i=1 i=1 i=1

4n
where n equals 1, if all accuracy measures are balanced.

ZV:\MAEi
Net Fitness = =1

IV. RESULTS AND DISCUSSION

The half-hourly gathered data from the Catalca site in the
Marmara area for two years (2019 and 2020) at 10 m height
have been utilized to study the performance of the presented
five distributions. Three optimization algorithms, GWO,
MPA, and MVO were applied to model the parameters of each
distribution. The statistical descriptors such as mean, standard
deviation, variance, minimum, maximum, skewness, kurtosis,
and average power describe the characteristics of wind data
for all datasets are shown in Tables IV and V. It is evident that
the mean wind speed values of the real data are 4.31 and 4.47
m/s at wind tower height 10 m for the 2019 and 2020 datasets,
respectively.

The mean wind speed value is an essential implication of
wind potential at a particular site. Sites with high annual mean
wind speed values are appropriate for large-scale generating
wind energy. The standard deviation value slightly increases
with an increase in the wind tower height. Variance, the square
of standard deviation, is a measurement of the spread between
wind speed values from their mean value. Also, variance
slightly increases with an increase in the wind tower height.
The minimum real wind speed was zero, whereas the
maximum was 21.50 m/s.

The skewness is the asymmetry from the average value of
the dataset. The skewness values of all datasets explain that
the real data follow the positive skewness distribution.
Kurtosis shows the degree of peakedness of a distribution.
There are three types of kurtosis: zero, positive, and negative
[32-44]. The real data of all datasets tend to the positive
kurtosis (Leptokurtic).

It is evident that the real average power densities at the site
are 94.41 and 111.65 W/m? at wind tower height 10 m for
2019 and 2020 datasets, respectively. The average power
density increases with an increase in the wind tower height.
Regarding the statistical descriptor values in Tables VI and
VII, it can be noticed that the Rayleigh distribution achieved
the best matching, whereas the Extreme Value Distribution
presented the worst matching.



The distribution function achieves optimal matching
when the difference between the real and the predicted data
approximates zero [45-55]. Tables VI and VII summary the
GOF of the introduced distribution functions based on GWO,

MPA, and MVO. The bold values in these tables point to the
best for each optimization method, while the underlined
values point to the best among them. In most cases, Rayleigh

distribution achieved the best GOF.

TABLE III. THE DISTRIBUTIONS PARAMETER VALUES GENERATED BY GWO, MPA, AND MVO
Datasets
Distributions Parameters 2019 2020

GWO MPA | MVO GWO MPA MVO

Rayleigh P1 3.250 3.250 | 3.235 3.460 3.460 3.462

Gamma Pl 3.332 3.335 | 3.330 2.864 2.872 | 2.647

P2 1.234 1.233 1.236 1.512 1.509 1.628

Extreme Value P1 4.807 4.808 | 4.763 5.034 5.033 4.945

P2 1.885 1.879 | 1.890 2.154 2.154 | 2.098

Logistic P1 3.872 3.868 | 3.844 4.017 4.016 4.130

P2 1.416 1.419 1.390 1.580 1.579 1.614

P1 3.849 3.845 3.929 4.033 4.006 4.032

T Location-Scale P2 2.374 2276 | 2315 2.723 2.642 2.641

P3 345.387 | 8.370 | 14.147 | 614.771 | 24.251 | 33.535

TABLE IV. THE STATISTICAL ANALYSIS OF THE 2019 DATASET
011’\2::;11:;;0“ Distributions Mean ]S)Ztlilg;(r,ﬁ Variance Min Max Skewness | Kurtosis Avel(‘gg/enfz())wer
- Real 4.307 2.254 5.079 0.000 14.440 0.756 0.505 94.413
Rayleigh 4.323 2.123 4.507 0.367 13.948 0.622 0.276 88.945
Gamma 4.366 2.283 5.212 0.588 18.024 1.100 1.822 100.793
GWO Extreme Value 4.038 2.185 4.775 -4.723 8.992 -0.960 1.438 69.638
Logistic 4.197 2.460 6.054 -3.284 16.917 0.217 1.043 93.960
T Location-Scale 4.149 2.294 5.261 -2.097 12.774 0.066 0.004 84.356
Rayleigh 4.323 2.123 4.507 0.367 13.948 0.622 0.276 88.934
Gamma 4.366 2.282 5.209 0.588 18.018 1.100 1.821 100.773
MPA Extreme Value 4.042 2.178 4.744 -4.691 8.980 -0.960 1.438 69.605
Logistic 4.194 2.465 6.077 -3.302 16.938 0.217 1.043 93.995
T Location-Scale 4.175 2.497 6.234 -3.339 18.102 0.230 1.079 94.610
Rayleigh 4.304 2.114 4.467 0.365 13.886 0.622 0.276 87.754
Gamma 4.370 2.286 5.225 0.588 18.047 1.100 1.823 101.115
MVO Extreme Value 3.993 2.190 4.798 -4.789 8.958 -0.960 1.438 67.999
Logistic 4.163 2.415 5.833 -3.181 16.649 0.217 1.043 90.686
T Location-Scale 4.245 2.399 5.757 -2.672 15.432 0.142 0.490 92.962
TABLE V. STATISTICAL ANALYSIS AND AVERAGE POWER OF 2020 DATASET FOR ALL DISTRIBUTIONS GENERATED BY GWO, MPA AND MVO
0‘;3::;3;;0" Distributions Mean ]S)Z:;:;Zﬁ Variance Min Max Skewness | Kurtosis Avel(:gfn];())wer
- Real 4.470 2.491 6.205 0.000 15.560 0.632 0.218 111.653
Rayleigh 4.576 2.271 5.158 0.610 14.850 0.632 0.239 106.577
Gamma 4.589 2.611 6.820 0.699 20.639 1.178 2.002 129.567
GWO Extreme Value 4.125 2.489 6.193 -3.938 9.816 -0.828 0.777 82.118
Logistic 4.350 2.745 7.534 -2.552 18.567 0.275 0.832 114.092
T Location-Scale 4.344 2.637 6.952 -1.861 14.223 0.103 -0.107 106.878
Rayleigh 4.576 2.271 5.158 0.610 14.850 0.632 0.239 106.570
Gamma 4.591 2.609 6.807 0.701 20.617 1.177 1.997 129.483
MPA Extreme Value 4.125 2.489 6.193 -3.938 9.815 -0.828 0.777 82.098
Logistic 4.349 2.743 7.524 -2.548 18.557 0.275 0.832 113.975
T Location-Scale 4.322 2.659 7.070 -2.052 15.560 0.147 0.114 107.294
Rayleigh 4.578 2.273 5.165 0.610 14.859 0.632 0.239 106.775
Gamma 4.575 2.707 7.330 0.626 21.473 1.222 2.155 135.097
MVO Extreme Value 4.059 2.425 5.880 -3.797 9.604 -0.828 0.777 77.590
Logistic 4.470 2.804 7.863 -2.581 18.993 0.275 0.832 122.967
T Location-Scale 4.344 2.628 6.907 -1.923 15.057 0.133 0.043 106.836
. CONCLUSION optimal parameter values for each distribution were selected
. . e . based on GWO, MPA, and MVO methods. The statistical
Determining suitable distributions for wind speed

frequency is influential for feasibility studies, wind turbine
design, and long-term investment decisions. Furthermore,
deciding the appropriate assessment method is also essential
since one method can achieve the best GOF with specific
distribution but may fail with others. This paper suggests five
different distributions to assess the wind potential. The

features of the analyzed location and the GOF of each
distribution function were examined and compared via many
statistical descriptors and various error measures. The data
collected from Catalca location in the Marmara region in
Istanbul, Republic of Turkey is employed to carry out this
study. The Rayleigh distribution exceeded the other
distributions for all datasets in most cases. Besides, it was the



best in respect of computation complexity. Contrarily, the
Extreme Value distribution was the most inadequate in
matching. Finally, the used distribution function, optimization

[10]

method, and error measure are paramount factors in
determining the best GOF for wind pattern at any site.

TABLE VI ACCURACY MEASURES OF GWO, MPA, AND MVO FOR THE 2019 DATASET
Optimization RN Accuracy measures Net
P nethods Distributions |3 e RNCE T R R | Fitness | R20K
Rayleigh 0.1411 | 0.1795 | 0.9937 | 0.9984 | 0.0821 1
Gamma 0.1240 | 0.2107 | 0.9913 | 0.9961 | 0.0868 2
GWO Extreme Value 0.5686 | 0.9481 | 0.8230 | 0.9165 | 0.4443 5
Logistic 0.2343 | 0.4981 | 0.9512 | 0.9826 | 0.1997 4
T Location-Scale | 0.2510 | 0.4457 | 0.9609 | 0.9833 | 0.1881 3
Rayleigh 0.1411 | 0.1795 | 0.9937 | 0.9984 | 0.0821 1
Gamma 0.1239 | 0.2105 | 0.9913 | 0.9961 | 0.0868 2
MPA Extreme Value 0.5686 | 0.9462 | 0.8237 | 0.9165 | 0.4436 5
Logistic 0.2342 | 0.5012 | 0.9505 | 0.9826 | 0.2006 3
T Location-Scale | 0.2337 | 0.5178 | 0.9472 | 0.9830 | 0.2053 4
Rayleigh 0.1439 | 0.1856 | 0.9932 | 0.9984 | 0.0845 1
Gamma 0.1243 | 0.2125 | 0.9911 | 0.9961 | 0.0874 2
MVO Extreme Value 0.5727 | 0.9627 | 0.8175 | 0.9165 | 0.4504 5
Logistic 0.2439 | 0.4863 | 0.9534 | 0.9826 | 0.1985 4
T Location-Scale | 0.2516 | 0.4458 | 0.9609 | 0.9839 | 0.1882 3
TABLE VIL ACCURACY MEASURES OF GWO, MPA AND MVO FOR 2020 DATASET
Optimization c e e Accuracy measures Net
];nethods Distributions MAE RMSEy R? R Fitness Rank
Rayleigh 0.2226 | 0.2707 | 0.9882 | 0.9988 | 0.1266 1
Gamma 0.2211 | 0.3812 | 0.9766 | 0.9910 | 0.1587 2
GWO Extreme Value 0.5942 | 0.9779 | 0.8459 | 0.9325 | 0.4484 5
Logistic 0.2604 | 0.5052 | 0.9589 | 0.9871 | 0.2049 4
T Location-Scale | 0.2334 | 0.4334 | 0.9697 | 0.9885 | 0.1771 3
Rayleigh 0.2226 | 0.2707 | 0.9882 | 0.9988 | 0.1266 1
Gamma 0.2210 | 0.3801 | 0.9767 | 0.9911 | 0.1583 2
MPA Extreme Value 0.5941 | 0.9781 | 0.8458 | 0.9325 | 0.4485 5
Logistic 0.2602 | 0.5044 | 0.9590 | 0.9871 | 0.2046 4
T Location-Scale | 0.2285 | 0.4444 | 0.9682 | 0.9889 | 0.1790 3
Rayleigh 0.2227 | 0.2707 | 0.9882 | 0.9988 | 0.1266 1
Gamma 0.2276 | 0.4414 | 0.9686 | 0.9898 | 0.1776 3
MVO Extreme Value 0.6094 | 0.9945 | 0.8406 | 0.9325 | 0.4577 5
Logistic 0.3000 | 0.5273 | 0.9552 | 0.9871 | 0.2212 4
T Location-Scale | 0.2307 | 0.4255 | 0.9708 | 0.9888 | 0.1741 2
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