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Determining wind regime distribution patterns is essential for many reasons; modelling wind
Received: 23 Nov 2021 power potential is one of the most crucial. In that regard, Weibull, Gamma, and Rayleigh
Accepted: 21 June 2022 functions are the most widely used distributions for describing wind speed distribution. However,

they could not be the best for describing all wind systems. Also, estimation methods play a
significant role in deciding which distribution can achieve the best matching. Consequently,

Keywords alternative distributions and estimation methods are required to be studied. An extensive analysis
Wind energy modelling of five differer]t distributions to describe the Wipd speeds distrib_ution, name_ly R_ayleigh, Weibull,
PDF Inverse Gaussian, Burr Type XlI, and Generalized Pareto, are introduced in this study. Further,
CDF five metaheuristic optimization methods, Grasshopper Optimization Algorithm, Grey Wolf
Good of fitness Optimization, Moth-Flame Optimization, Salp Swarm Algorithm, and Whale Optimization
Optimization method Algorithm, are employed to specify the optimum parameters per distribution. Five error criteria

and seven statistical descriptors are utilized to compare the good-of-fitness of the introduced
distributions. Therefore, this paper provides different important methods to estimate the wind
potential at any site.

1. INTRODUCTIO

fung#ron which successes to represent the best fitness of the real wind data. During
rous Probability Density Functions (PDFs) have been appeared in the literature to

the extensively used among these distributions [27-29].

Using Weibull distribution and three years of wind datasets at Catalca in Istanbul, Turkey, the statistical
study for wind data was performed [28]. Energy Pattern Factor (EPF), approximation, and graphical
assessment methods were examined. Two years of wind data in Pakistan were employed to model the wind
profile with the Weibull function [29]. The Weibull parameters were assessed by Cuckoo Search
Optimization (CSO), Grey Wolf Optimization (GWO), and Particle Swarm Optimization (PSO). Moreover,
four numerical approaches, the Empirical Method of Justus (EMJ), Modified Maximum Likelihood
(MML), Method of Moments (MOM), and EPF, were manipulated. Junk and Schindler [30] introduced 24
distributions to assess their Goodness-Of-Fit (GOF) based on four years of wind speed data at different
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sites worldwide. MOM, L-moment, Maximum Likelihood (ML), and least-squares estimation methods
were used to estimate these parameters. In addition, the empirical, graphical, MML, and EBF methods were
employed with the Weibull function to evaluate the wind turbines' capacity factor [31]. MML outperformed
the other methods, whereas the graphical presented the most insufficient matching. Two and three
parameters Weibull, two-parameter Gamma, and two-parameter Lognormal were presented to model wind
speed at the airport site in Dolny-Hricov [32]. ML method was applied to determine the parameter values.
The Weibull function performed the most satisfactory matching. Weibull, Elliptical, and Non-Gaussian
distributions were introduced to estimate wind speed distribution at 89 locations over France [33]. The
study showed that Elliptical and Non-Gaussian distributions outperformed Weibull in some locations due
to their topography and anisotropy discrepancy.

best.

Many research works for describing wind speed distribution based o
appeared in [17, 38, 39]. Inverse Gaussian and other nine distributi

Many invaluable studies based on both Logistic and Lo
pattern were presented in [11, 18, 40, 41]. Linetal. [4 5 distributions to describe wind speed
distribution in Xiamen in China. Among of these distributions ogistic and Log-Logistic were used.
The parameters are estimated by generalized jflified probability plotting method. The obtained results
showed that Log-Logistic distribution was better than Logistic distribution in terms of performance.

Laplace distribution was also introduce place, Uniform, and Gaussian distributions based on
golden search method were introduced to estlma ind speed distribution [19]. Laplace distribution
achieved better performance tha iform and Gaussigh distributions. Normal distribution was also utilized
in many studies [8, 18]. Ten di utions to\assess the wind speed shape in Northern Cyprus were

introduced by Alayat et al.

The generalizeo function has been extensively employed in wind distribution modelling
[22, 23, 35, 38,

evaluate the wind erent locations [23]. The results referred to that Weibull distribution
accura loweX tail of the wind speed data, but it failed to assess the upper tail. In addition
co d Extreme Value distribution with Weibull distribution was also proposed to improve

Genera istribution was introduced by Holmes and Moriarty [45] to characterize extreme wind
speeds. Th confirmed that this distribution is crucial for selecting the convenient value of the shape
parameter. M@reover, Generalized Pareto distribution was also exploited to model the extreme wind speeds
on small time scales in Denmark [46] and the method suggested to be an alternative modeling approach for
Weibull distribution.

This paper's primary incentive is to scrutinize the performance of Rayleigh, Weibull, Inverse Gaussian,
Burr Type XIlI, and Generalized Pareto distributions in modelling the pattern of wind distribution. The
reason behind selecting these distributions is that they may be feasible substitutes to the widely used
Weibull and Gamma distributions which in many cases cannot accurately match the wind speed pattern
because of the variations of wind speeds characteristic from one site to another. To demonstrate the
effectiveness of these distributions on describing wind speed distribution, two recent wind datasets in the
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North of Turkey are selected to conduct this analysis. Besides, the performance of the employed
distributions and the approximation methods are analyzed by five different accuracy measures.

Regarding the estimation methods, five metaheuristic optimization methods namely, Salp Swarm
Algorithm (SSA), Grasshopper Optimization Algorithm (GOA), Whale Optimization Algorithm (WOA),
GWO, and MFO are utilized. These methods vary in their robustness, computation complexity and ability
to approach solutions.

The rest of this article consists of many sections: Section two introduces the statistical distribution
functions, including the formulas of PDF, CDF, and ICDF for each distribution. Furthermore, Section three
presents the methodology, including a concise preface of each optimization method. Sectign four explains
the accuracy measures employed to examine the distribution's performance. Besides, Sectiof five explores
the results. Finally, Section six concludes the article.

2. STATISTICAL DISTRIBUTIONS

Wind speed profile characterization is crucial in assessing wind availgighi rticular location. When
the wind speed pattern is described accurately, the other studies be n be appropriately
specified. Five different distributions are introduced to chara the of wind speeds.
Hereinafter, a concise explanation of these distributions is gi

2.1. Rayleigh Distribution

The British physicist Lord Rayleigh derived the Rayleigh distr
Rayleigh distribution with one parameter is a s
[47]. Due to its ability to accurately describe
distribution to assess wind potential at vag
is defined as follows [51]

by the end of the 19th century. The
ial case of the Welbull distribution when kyw equals two
ind regimes, many research works utilized Rayleigh
locations worldwide [48-50]. One-parameter Rayleigh PDF

2w v\?
f@) =Fexp (- 1) (1)
where f(v) is the probaj he pre ind speed (v),v = 0,1,2, ..., N, N is the wind speed vector
length, and b > 0.
)
@)

2.2. Weibull Distribution

Weibull distribution is one of the commonly used distributions to assess wind speed because of its high
performance [31, 52]. The bi-parameter Weibull distribution depends on shape (kw) and scale (cw)
parameters. The Weibull PDF is defined [4]:

F) =22 (Z) exp (- (2)™). @

‘w
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The Weibull function has essential features, one of them that its parameters that estimated at a particular
height can be extrapolated at other heights [53]. The Weibull CDF and ICDF, also known as the quantile
[54, 55] are defined as Equations (5) and (6), respectively

F(v)=1—exp (— (%)kw) (5)
6(p) = —clin(1 — p)]ow . ©®)

2.3. Inverse Gaussian Distribution

The Inverse Gaussian function, also called the Wald distribution, is the inverse of th
The density of Inverse Gaussian is like Gamma with more significant skewnesgand a
PDF formula of two-parameter Inverse Gaussian distribution is as given [17]:

Fv) = ky exp (_ kI(U—CI)Z)

2m3 2cfv

(8)

F(v)=d)<\/%(c%—1)>+exp(zc—’j’

(9)

it convenient for matching different distributions [14]. The Burr distribution formulas for the CDF [61] and
ICDF [62] can be computed from Equations (10) and (11), respectively

F(v)=1— sz,v>0,CB>0,k31>0,sz>0 (10)

6) = (@ —pyo: — 1) . (11)
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2.5. Generalized Pareto Distribution

The Generalized Pareto function is a continuous distribution that generally can describe the tails of different
distributions [63]. Its PDF can be given [64]:

f@)=—(1+ M)_é_1 (12)

cGp

where c;p, kgp, and A;p are the scale, shape, and location parameters. One of the important features of
Generalized Pareto distribution is its suitability for analyzing gust wind data [65]. The CDF and ICDF of
the Generalized Pareto distribution are as presented as follows [66]

( exp (— exp (v_

c/l;;E)) ke =0

F(v) = 1 (13)
iexp( (1+ kg =2 AGE)*‘GE) 1+ kop "2 AE 0, kgp # 0
Ace — cgplog(—1log(p))  kgg = 0
) =255 + £22 ((~ log(p))*o5 — 1), kgp # O (14)

Table 1 summarizes the employed distributions with their paramgters.

Table 1. The employed distributions

Distributions Number, (Name), of paramete arameters
Rayleigh 1, (Defining paraRpeter) P1=br
Weibull Pl=cw, P2=kw
Inverse Gaussian P1=c,, P2=k

Burr Type XII P1=cs, P2=kg1, P3=ke:

Generalized Pareto P1=kep, P2=Ccp, P3=Acp

GOA is a new algorithm found in 2017 to solve various optimization problems [68]. It is an algorithm that
emulates the way of food-seeking of grasshoppers. The grasshopper is a pest that can usually be seen
individually in nature, but grasshoppers join swarms when seeking food. The way which a grasshopper
swarm is used to move towards food sources is utilized artificially in GOA.

Indeed, the grasshopper position in a grasshopper swarm is naturally affected by three distinct powers,
namely, gravity, wind, and social interaction. However, in GOA, only social interaction among
grasshoppers in a swarm is considered whereas the others are neglected [68]. GOA is like its EAs
counterparts has two major phases, they are exploration and exploitation. In the exploration phase, the
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algorithm tends to a highly random behavior that lets the grasshoppers to change their position in a
significant and large movements. This helps the swarm to explore its promising regions fastly. On another
hand, in the exploitation phase, the grasshopper changes their position in a small scale to let the swarm to
search the space locally [69].

Mathematically, the GOA consists of three stages. Firstly, all grasshoppers in the swarm are randomly
initialized within the lower and upper bounds [LB, UB]. Afterward, the fitness score per search agent is
evaluated by the accompanying index function, and the best solution is saved (T). Then, the algorithm starts
the first iteration and, per search agent, updates its position according to the following Equation

UBp—LB Xj—Xi
XP = c|(B0s jurc 20522 (Jxf — 2P )L + 7y (15)
ij
where XiD is the next position of the it" search agent in the D" dimension, c is ctor, N is
the swarm size, LB, and UB/, are the lower and upper boundary in the D" di he lower

bound in the D" dimension, and S(r) is a function to specify the social rel
and can be calculated by:

grasShoppers

S(r) = fexp (_Tr) —exp(—r) (16)

where [ and f are constants and equal 1.5 and 0.5, respectively §68]. d X;Zare the current positions

the jt" and i" search agents, respectively. d; jisthedi n the current positions of the jt" and
it" and can be computed based on the followin

dij =|xj—xl- | . (17)
T, represents the gain of the D" dimension in ptimal solution and indicates the tendency of the
grasshoppers to move towards soufces of food. The easing parameter c is applied twice. The outer ¢
preserves the balance between ploration @nd eXploitation of the swarm near the target; meanwhile,
the inner c reduces the attraction, c rt, and fgpulsion zones between grasshoppers. Each iteration, c is
updated [70]

c=UB—t— (18)
where t is the cu L is the maximum number of iterations. GOA enters the next iteration
and repeg}s the sa geuntil L is attained. Figure 1(a) shows the flowchart of GOA.

3.2,

GWO s grey wolves hunting in nature. It mainly based on three steps of hunting, namely,
searching Yy, encircling booty, then, attacking booty, which is utilized to carry out optimization [71].

The GWO mechanism includes three primary stages. Initially, the search agents (the grey wolves) in the
population (collection) are arbitrarily initialized within the period [LB, UB]. Later, the optimum score index
per search agent is assessed by the accompanying criterion function. The best solution is alpha, then beta,
and delta. The omega includes the remaining group of wolves. Subsequently, the positions of search agents
are updated according to the prey position as in Equations (19) to (21)

Dy =I C1Xq — X(t) |, Dg =| CoXp — X(t) |, D5 =1 CsX5 — X(t) | (19)

Xa = Xa - AlDa,X[g = XB - AZDBIXB = X(g - A3D6 (20)



Mohammed WADI, Wisam ELMASRY/ GU J Sci, 36(3): x-x (2023)

XotXpt+Xs

Xt+1)= S

(21)

where ¢, X(¢), X(t + 1), X, Xg, X5 denote the current iteration, the current and following positions of the
prey, and the alpha, beta, and delta positions, respectively. The vectors A and C are computed as follows

A=2.ar —a (22)

C = 2.7'2 (23)

ntrol vector a
in the same

where the random vectors r; and r, are uniformly distributed in the period [0, 1], and th
is linearly decreased within the period [2, O] for best candidate solutions. GWO cgntinue

oonlight or

MFO calculates the values of Flamey,, a, and t usin

), (25), and (26), respectively [73]

Flame_No = round ((N =) %) (24)
where [ and T are the current and the mdXxi ber of iterations
a=-1+(03) (25)

t=(@-1Dr+1 (26)

where t is the vector of r
period [0, 1].

i the period [-1, 1], and r is the vector of random numbers in the

Then, the algorit
follows:

e distance between each search agent and its corresponding flame as

(27)

where D;
position for

e spéce between the i" moth (M;) and the jt* flame (Fj). Consequently, MFO updates the
search agent according to the logarithmic spiral function (S):

S(Ml-,F}-) = D; exp(bt) cos(2mt) + F; (28)

where the constant b is for representing the logarithmic spiral, SSA continues in the same procedure until
T is attained. Figure 1 (c) shows the flowchart of SSA.
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3.4. Salp Swarm Algorithm

SSA is a recent metaheuristic algorithm that mimics the sea squirts (salps) behavior when navigating for
food in deep seas [74]. Indeed, salps usually tend to move in a chain. Accordingly, the swarm consists of
the commander and the disciples. The commander is at the front of the salp and guides the disciples.

The SSA mechanism contains three steps: initially, the search agents (salps) in the population (chain) are
arbitrarily initialized within the period [LB, UB]. Then, the criterion function assesses the optimal score
per search agent, and the best solution is saved (F). After that, the algorithm starts the first iteration, and
the leader search agent renews its position according to Equation (29) [74]

1 [F +e((UB; —LB)c, + LBy €520
F} - Cl((UBJ - LB])CZ + LB] C3 < 0

where le is the commander salp position in the j* dimension, F;is the o
dimension, UB; and LB; are the boundaries of upper and lower par,

respectively, c, and c; are uniformly distributed values in the period
maintains the equilibrium the exploration and exploitation processes
as follows:

¢ = 2exp (— (%)2)

where t and L are the current and the maximum number
updating their positions according to the followig) Equation [74].

comp\ted at each iteration

(30)

ions. Moreover, the followers salps

xf =0.5(xf +x71) (31)

i% follower salp in the j* dimension. Then, SSA
ocedure until L is fulfilled. Figure 1 (d) shows the

where (i > 2) and x} is the present placement of th

proceeds to the next iteration a peats the same
flowchart of SSA.

WOA is a new algorlthm a¥ed in 2016 for solving optimization problems [75]. It mimics the
behavior of wha ir prey [76]. In WOA, a population of whales (search agents) evolves to

f pred iteration number. WOA begins with the initialization of search agents
randoml A intefVe B and UB of the problem variables. After that, WOA evaluates the best

numb 0.5 as well as A vector is less than 1, then the particular search agent applies the
y updating its position for the next iteration using the following formulas

X(t+1) =) —AD (32)
D=|C.X"(t) =X | (33)
A=2ar—a (34)
C=2r (35)

where X*(t) is the best solution position. Furthermore, A and C are factor vectors. The a vector is linearly
decreased in the period [1, 0]. The r is the random vector in the period [0, 1]. Else if (random number (z) <
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0.5), but A vector > 1, then the particular search agent applies the exploration method by updating its
position for the next iteration using the following formulas:

D =|C.Xygna — X() | (36)
X(t+1) = Xyqna — A.D (37)

where X,..,.q 1S the random whale in the present iteration, otherwise, the particular search agent applies the
Spiral method by updating its position for the next iteration using the following Equation:

X*(t)—A.D,ifz < 0.5

Xe+1)= {D’.exp(bl).cos(an) + X", ifz=>0.5 (38)
where D' = |X* — X(t)| represents the space between the search agent to the gr ndlisa
random value within the period [-1, 1]. Finally, WOA continues in the until the pre-

described number of iterations is attained. Figure 1 (e) depicts the flo

3.6. Methodology

A distribution’s parameter selection can be regarded as a nonlined proble educes the MAE between

the collected and expected wind vectors, as follows

min {MAE (V,,, V4)} (39)

where V;,, and Vv, are the collected redicted speed vectors, respectively, and vV, can be

To solve the problem of Eq a
characterlzes the optlmal SQ

can be used [77-80]. A population of search agents
, MFO, SSA, and WOA. The initial population of search

Afterward, Equatlon (39) co M best score values per search agent. The population then increases
prhased on the defined operations of the presented EAs. It continues in
pre-described number of iterations is attained. Table 2 displays the
ithin their recommended range.

WOA operating parameters

Range Recommended value
Size of popufation [5,50] 50
Maximum iteration [50,300] 100 fo_r Rayleigh, 200 for Weibull a_nd Inverse
numbers Gaussian, 300 for Burr and Generalized Pareto
Termination criterion [IXE 4 1xE®] |1xE"®

Table 3 shows the optimal parameter values per the presented optimization methods and distributions.
Notably, Rayleigh distribution based on all optimization methods provided very steady parameter values.
Furthermore, Rayleigh was the only distribution that compatible with GOA. on the other hand, GWO was
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the only optimization method that compatible with all distributions. WOA was also compatible with all
distributions except Generalized Pareto. Besides, all optimization methods except GWO failed to approach
the optimal parameter values with Generalized Pareto. Regarding the running time, Table 4 illustrates the
elapsed time of the introduced optimization methods in seconds. It can be perceived that Rayleigh based
on all optimization methods was the faster in convergence than other distributions, but Inverse Gaussian

was the worst in all cases.

Inputs:

Inputs:

® Max. number of iterations
e Population Size

e Number of search agent
e Max. number of iterations

e

Initialize search agents
randomly in [LB, UB]

Initialize search agents in
ILB, UB]

Initialize a, A and C
Evaluate fitness score for each
search agent

Caloulate Xaona XBeta

Evaluate fitness score for
each search agent

Save best position

S——

»
Updating positions of all
search agents by Eqn. (15)
\

and XDelta using Egn. (20)

Output:
XAlpha and its fitnees score

Update positicn of each
search agent using Eqns
(19), (20) and (21)

Update Xapha, XBeta
Eva\uate fitness score o c
for each search agent and "Delta using Qn
(20)

(b)
fe 1. Flowcharts of: (a) GOA, (b) GWO

ax. iterations reached?

Output:

Best position and its fitnees score

represents the arithmetic average between the actual (x) and the expected (y) wind speed

vectors [81].
(40)

Xi

MAE = Z—l i

where N represents the vector size.

¢ RMSE is the square root of the average of the square of the differences between the expected and

the actual wind speed values [82-85].
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N )2
RMSE = M (41)
Inputs:
Inputs:

& Number of search agent
® Max. number of iterations
o Number of search agent

e Max. number of iterations

v

[Initialize salp population ]

Initialize moth population
randomly in [LB, UB]

Evaluate fitness score for
each search agent

Sort the moth population
and assign best positions to
flames

randomly in [LB, UB]

Evaluate fithess score for
each search agent

Save best position )
Food fitness= best salp

Update:
Flame number, & and t by fitness & Food position=
(= (e ) (R Ene () best salp position
Determine the distance between
leach moth and its corresponding Update:
Leader position by Eqn. (29)

flame by Eqn.(27)

Update the position for each
moth by Eqn. (28)

Followers position by Eqn. (31)

ax. iterations reached?

v

No

ax. iterations reached?

Output:
Food position & Food fitness

Output:
Best flame and its fitness score

G

y (c) (d)
Figure 1. Flowcharts of: (c) MFO, (d) SSA

The coefficient of regression shows the degree of the linearity between the expected and the actual
data. It can be calculated by Equation (42)

Zil(xi—ﬂi)z_zyzl(xi—yl‘)z 42)

Zil(xi_ﬂi)z

R? =

where y; is the i average of gathered wind speed data.
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e Correlation Coefficient describes the correlation degree between two sets. It has three values, -1
(opposite correlation) and 1 (a perfect positive correlation). However, the zero value indicates that

Inputs:

® Max. number of iterations
* Population Size

Initialize search agents in
[LB, UB]

1. Evaluate fitness score for
each search agent
2. Save the best searchagent

A 4

Update position of each
search agent using following
method

Y
Apply spairal method

4

Apply exploration
method

Nary
NP
Y

Apply encircling prey
method

Y

No /
lax. iterations reached?

Qutput:
The best search agent and

its fitnees score

igure 1. Flowcharts of: () WOA

Table 3 Mjstributi ar er values generated by optimization methods

) Datasets

© 2019 2020

GOA |GWO| MFO | SSA | WOA | GOA | GWO | MFO | SSA |WOA
325 | 325 | 325 | 325 | 325 | 346 | 3.46 | 3.46 | 3.46 | 3.46

Rayleigh - - - - - - - - - -
P3 - - - - - - - - - -
P1 | 417 | 453 | 452 417 | 453 | 417 | 478 | 479 | 4.79 | 4.79
Weibull P2 | 8529 | 1.84 | 1.84 |4424 | 184 |977.7| 175 | 1.75 | 1.75 | 1.75
P3 - - - - - - - - - -
Inverse Pl | 452 | 420 | 420 | 420 | 423 | 4.87 | 4.42 | 442 | 447 | 443
Gaussian P2 | 2238 | 15.1 | 15.14 | 152 | 1443 | 78.35| 1352 | 135 | 164 | 135

Burr Tvpe P1 | 4280 | 24.2 | 1000 | 999.3 | 5.77 | 420 | 189.8 | 1000 | 997.6 | 380.3
X yp P2 {2709 | 191 | 1.000 | 1.017 | 2.45 | 965.7| 1.75 | 1.000 | 1.01 |1.573
P3 | 1000 | 24.8 | 290.2 | 293.2 | 2.36 | 734.2 | 627.4 | 263.5 | 262.5 | 1000
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P1 | -1000 | -0.42 | -183.9 |-611.9 |-115.6 | -1000 |-0.513|-65.35 | -14.0 | -120
P2 [859.62| 4.1 | 918.2 | 321.4 | 258.9 | 957.4 | 5.06 |751.74|155.2 | 369.3
P3 | 3.310 | 1.212| -0.82 | 3.645| 1.93 | 3.21 | 0.896 | -7.33 | -6.40 | 1.10
Table 4. Elapsed running time in seconds

Generalized
Pareto

Datasets
Distributions 2019 2020
GOA [GWO | MFO | SSA | WOA | GOA [GWO | MFO | SSA [WOA
Rayleigh 5794 | 487 | 3.26 | 3.26 | 352 | 14.71 | 6.07 | 4.48 | 443 | 4.8
Weibull 3006 | 14.28 | 12.91 | 11.2 | 11.71 | 21.94 | 19.72 | 16.42 | 14.9 | 16.75
g‘;’jsffan 856.05| 477.7 | 188.9 |339.1|190.13| 4115 | 295 | 267.2|467.4| 2485

Burr Type XII | 55.97 | 99.10 | 29.3 | 38.6 | 42.03 | 67.39 | 68.7 | 39.13 |53.4 56.\
Generalized

23.65 | 4161 | 151 | 154 | 16.40 | 22.69 | 25.5 | 19.46 | 21.7
Pareto
the two datasets are wholly different (no correlation). The correlation coefiCient is giv quation (43)
[83]

N
R = 1 =) (yi—y) (43)
N-1 E Ox0y
i=1
where (%, y) and (ax, ay) denote the average and the stapdard deVvjation of easured and expected wind

speed vectors, respectively.

o Net Fitness is a great test used to find tH&average of other error measures. It is essential to rank all
used distributions and estimation method§according to their accuracy. In this paper, its formula is
defined in Equation (44) [29]

S IMAE|+X%  IRM

NetFitness = (44)

Latitude | Longitude | Altitude

ON | ©E | (m | rearms

Country

Ataturk | Catalca |Istanbul| Turkey | 40.967 28.817 37 2019-2020

Five optimization algorithms, GOA, GWO, MFO, SSA and WOA were exploited to estimate the parameters
per distribution. The statistical identifiers like u, o, a2, Minimum (Min), Maximum (Max), Skewness
(Skew), and Kurtosis (Kurt) in addition to average power density (Py,,4) to characterize the pattern of wind
for the two years are given in Tables 6 and 7.
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The average wind speed value is a crucial indication of wind availability at any site. The mean wind speed
values of the actual data are 4.30 and 4.5 m/s for the 2019 and 2020 datasets, respectively. The standard
deviation value shows how the speed values differ from the mean. The variance shows the degree of the
spread between wind speed values from their mean. The minimum actual wind speed was zero, whereas
the maximum varied between 14.40 and 15.60 m/s.

Table 6. Statistical scrutiny for all distributions of the 2019 dataset

2 avg
Optimization | Distribution | u o o Min Max | Skew | Kurt (W/m2)
- Real 5.079 | 0.000 94.41
Rayleigh 4520 | 0.367 89.32
Weibull 0.000 | 4.146 44,37

Inverse
GOA Gaussian 0.400 | 3.151 63.11
Burr 0.000 | 4.095 4.29

Generalized

Pareto 0.000 | 4.169 44 .41
Rayleigh 88.94
Weibull 94.15

Inverse
GWO Gaussian 107.4
Burr . . . 15.85671 0.791 | 0.736 | 94.63
Generalized 843 | 0.623 | -0.425 | 90.92

Pareto
Rayleigh 13.948 | 0.622 | 0.276 | 88.934
Weibull 15.089 | 0.732 | 0.495 | 93.567

Inverse
MFO Gaussian 21.126 | 1.581 | 4.090 | 107.27
Burr 32.252 | 1.959 | 5.728 | 182.31

Generalized

0.015 | 2.624 | 4.170 | -11.94 | 143.84 | 44.13

4507 | 0.367 |13.948 | 0.622 | 0.276 | 88.94
0.000 | 4.124 | 4.192 | -0.950 | 1.406 | 44.34

5.180 | 1.139 | 21.126 | 1.581 | 4.090 | 107.3
3.837 | 14.724 | 0.026 |33.742 | 1.912 | 5.430 | 218.7
0.001 0.000 | 4.159 | 4.170 | -12.43 |152.420| 44.41

2.123 4507 | 0.367 | 13.95 | 0.622 | 0.276 | 88.93
2.275 5.174 | 0.289 | 15.154 | 0.735 | 0.503 | 94.26

4.476 2.359 5.563 | 1.110 | 22.00 | 1.623 | 4.306 | 113.7
Burr 4.404 2.446 5982 | 0.514 | 28.23 | 1.807 | 7.356 | 116.93

gaer';‘iga"ze‘j 4160 | 0.090 | 0.008 | 3.098 | 4.170 | -10.66 |119.272| 44.15

Pareto

SSA

nverse
WOA Gaussian

Skewness indicates the degree of deviation from the symmetrical normal distribution. The skewness of the
actual data of 2019 and 2020 datasets shows that the actual data tend to have a moderate and positively
skewed shape. Examining the skewness values of Rayleigh and Inverse Gaussian distributions based on
GOA, it can be noticed that only both followed the skewness pattern of the actual data. However, other
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distributions completely failed. In addition, Generalized Pareto was the most anomaly with negative
skewness values (negatively skewed).

Kurtosis measures the outliers values of a frequency distribution. Kurtosis has three classes: positive,
negative, and zero. Zero kurtosis distribution generally follows the Normal distribution; the kurtosis with
positive values has heavier tails and more peak-heavy than Normal, whereas the kurtosis with negative has
lighter tails and a flatter peak than Normal [84]. The actual data of the 2019 and 2020 datasets tend to the
positive kurtosis pattern with a flat top near the mean rather than a sharp peak. Apparently, the Generalized
Pareto distribution recorded very high kurtosis values compared to actual data. Consequently, the estimated
wind pattern radically differs from the actual wind pattern.

Table 7. Statistical scrutiny for all distributions of the 2020 dataset

Optimization | Distribution | u o a? Min | Max

i Real 4470 2.491 | 6.205 | 0.000
Rayleigh 4576|2271 | 5.158 | 0.610 .
Weibull 4.169] 0.005 | 0.000 | 4.153 )68 44.380
Inverse
GOA Caesian 4.997 | 1.216 950 | 90.884
Burr 4.169 | 0.005 0.766 | 44.389
Generalized
Darat 4.170 | 0.000 50.98 | 44.413
Rayleigh 4576 | 2.271 5. . 0.239 | 106.58
Weibull 4520 | 2541 \6.457 | 0.441 | 17.04 | 0.813 | 0.625 | 118.36
Inverse
GWO Caussian 1.260 | 24.64 | 1.695 | 4.588 | 139.65
Burr 0442 | 17.08 | 0.816 | 0.634 | 118.45
Generalized 0.974 | 10.665 | 0.479 | -0.714 | 104.64
Pareto
0.610 | 14.85 | 0.632 | 0.239 | 106.57
0444 | 17.01 | 0.810 | 0.617 | 118.28
MEO 1.260 | 24.64 | 1.695 | 4.588 | 139.69
0.059 | 3558 | 1.943 | 5,539 | 242.26
A -0.002 | 4.170 |-6.899|48.204| 43.125
0.610 | 14.85 | 0.632 | 0.239 | 106.57
*/ 0444 | 17.01 | 0.810 | 0.617 | 118.27
Verse 4702|2411 | 5811 | 1.409 | 22.29 | 1.559 | 3.874 | 127.26
SSA Gaussian
Burr 4357|4159 | 17.297 | 0.064 | 36.73 | 1.917 | 5.377 | 273.60
Saerr::ga“zed 4175|1583 | 2.505 |-4.231| 4.720 |-3.781|14.666| 54.622
Rayleigh 4576|2271 | 5158 | 0.610 | 14.85 | 0.632 | 0.239 | 106.57
Weibull 4523|2537 | 6.439 | 0.444 | 17.01 | 0.810 | 0.617 | 118.28
Inverse
WOA Cateeian 4668|2619 | 6.858 | 1.260 | 24.65 | 1.695 | 4.590 | 139.75
Burr 4511|2798 | 7.831 | 0.333 | 19.38 | 0.975 | 1.061 | 134.19
Saer’;‘iga"zed 4.162|0.059 | 0.003 | 3.696 | 4.170 |-7.689|57.944| 44.174
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The actual Pavg powers at the location are 94.40 and 111.70 W/m2 at 10 m height for the 2019 and 2020
datasets, respectively. The Pavg is directly proportional to the wind hub height. Investigating Tables 6 and
7 regarding the Pavg, it observed that the Rayleigh function with the GOA performed the highest GOF
with actual data.

Table 8. Accuracy measures for 2019 dataset

Optimization S Accuracy measure Net
method Distribution v e TRMSE | R R | Fitness | Ra"K
Rayleigh 0.1411 | 0.1781 | 0.9938 | 0.9984 | 0.0817 1
Weibull 1.7871 | 2.2525 | 0.0008 | 0.9169 | 1.2805 4,
GOA Inverse Gaussian | 1.3589 | 1.6514 | 0.4630 | 0.9953 | 0.8880 2
Burr 1.7778 | 2.2416 | 0.0105 | 0.9179 | 1.2727
Generalized 1.7914 | 2.2576 | -0.0037 | 0.1528 | 1.475gk 5
Pareto
Rayleigh 0.1411 | 0.1795 | 0.9937
Weibull 0.0695 | 0.1036 | 0.9979
GWO Inverse Gaussian | 0.2639 | 0.4198 | 0.9653
Burr 0.0727 | 0.1056 | 0.9978
Generalized 0.1194 | 0.2636 4
Pareto
Rayleigh 0.1411 | 0.1795 2
Weibull 0.0694 | 0.1040 1
Inverse Gaussian | 0.2638 | 0.4191 3
MFO Burr 1.2462 | 1. 4
Generalized 5
Pareto
Rayleigh 1
Weibull 4
SSA Inverse Gaussian 2
Burr 3
5
2
1
3
4
5

The distribution function with the best match when the deviation between the actual and the expected wind
speeds approaches a minimum value. Tables 8 and 9 summarize the GOF of the presented five distributions
employing five optimization methods. For all tables, the bold values refer to the optimal per optimization
method, whereas the underlined values refer to the best matching.

Examining Tables 8 and 9, it can be observed that Rayleigh distribution based on GOA and SSA
optimization methods outperformed the other distributions and occupied the first rank. However, Weibull
distribution based on GWO, MFO and WOA did. Except GWO, Generalized Pareto distribution based on
other optimization methods presented least matching to real data and generally ranked fifth place. Although,
Burr distribution is mainly based on three parameters, but it was not able to achieve a good matching.
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To clearly determine the accuracy of the most fitness distribution, the rank is estimated based on the net
fitness measure. Distributions are ranked according to the four GOF criteria as mentioned earlier. As given
in Table 10, the top-down rank of the five distributions for the 2019 dataset is Weibull, Rayleigh, Inverse
Gaussian, Burr, and Generalized Pareto. However, for the 2020 dataset, the rank is Weibull, Rayleigh, Burr,
Inverse Gaussian, and Generalized Pareto.

Table 9. Accuracy measures for 2020 dataset

Optimization T Accuracy measure Net
pmethod Distribution MAE |[RMSE| R? R |Fitness| RK
Rayleigh 0.2226|0.2707 | 0.9882 | 0.9988 | 0.1266 1
Weibull 2.0023 | 2.5045 | -0.0109 | 0.9328 | 1.3962 4
GOA Inverse Gaussian 1.1662 | 1.3861 | 0.6904 | 0.9973
Burr 2.0022 | 2.5044 | -0.0108 | 0.9329
Generalized Pareto | 2.0061 | 2.5090 | -0.0145 | 0.2244
Rayleigh 0.2226|0.2707 | 0.9882
Weibull 0.1102 | 0.1800 | 0.9948
GWO Inverse Gaussian 0.3935]0.6295 | 0.9361
Burr 0.11090.1811 2
Generalized Pareto [ 0.1203]0.3181 3
Rayleigh 0.2226 2
Weibull 0.1101 1
MFO Inverse Gaussian 0.3934 3
Burr 1.2538 4
Generalized Pareto 5
Rayleigh 2
Weibull 1
SSA Inverse Gaussian 3
Burr 4
Generalized Pareto 5
Rayleigh 2
Weibull 1
4
3
5
Again, as sho A/eipull and Rayleigh distributions achieved the first and second ranks,
respectively. Ho putation complexity point of view, the uni-parameter Rayleigh is more
satisfactg bi-parameter. The computation time of Weibull was three to five times of
Raylei rom Table 3. Even so, Generalized Pareto distribution was the next to Weibull
int putafion time, but it was not able to provide a good matching. According to the obtained
resul stributions based on different optimization methods provide different degrees of
matchin , it can be deduced that there is no unique, globally accepted, best optimization method
to estimate joution parameters.
Table 10. Ranking of distributions
o 2019 2020
Distribution 1st 2nd 3rd 4th 5th 1st 2nd 3rd 4th 5th
Rayleigh 2 2 1 - - 1 3 - 1 -
Weibull 3 - - 2 - 4 - - 1 -
Inverse 2 2 | - -1 2] 1 1
Gaussian
Burr Type XII - 1 2 2 - - 1 2 2 -
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Generalized ) ) ) 1 4 ) ) 1 ) 4
Pareto
Best WD | RD | IGD | BD | GPD |WD| RD |BD | IGD | GPD

To interpret the obtained results visually for all datasets, Figure 2 displays the fitted PDFs. Two different-
scale vertical axes are used to represent PDF plots; the left one is for the measured wind data histogram,
whereas the right is for the other distributions. These vertical axes represent the probability density. In
addition, abbreviations in Figure 2: RD, WD, IGD, BD, and GPD denote Rayleigh, Weibull, Inverse
Gaussian, Burr, and Generalized Pareto distributions, respectively. It is noticed that most of the introduced

distributions achieved good matching except the Generalized Pareto distribution.
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Many invaluable conclusions and findings ived from this comprehensive analysis as follows:

location. Therefore, di
accurately. In othemia

g the selection of optimization method which depends on the
a pattern, convergence, and computation complexity. For instance,

lon based on GWO, MFO, and WOA did. Consequently, the trade-off
ization methods is an indispensable requisite.

e The fourth important finding is parameter numbers per the distribution. In many cases, the
distribution functions with higher parameters may better estimate wind patterns. However, the
computation burdens significantly increase. For example, based on GWO, the bi-parameter Weibull
function provided slightly better matching than the mono-parameter Rayleigh function. Although,
the computation time of Weibull distribution parameters selection was about three-five times more
than the Rayleigh distribution.

e The fifth important finding is that the scale parameter of some distributions can indicate the wind
potentiality at the analyzed site since the scale parameter of these distributions can shape the annual
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mean wind speed profile. In this study, the Weibull scale parameter can be utilized to predict the
annual average wind speed.

e The sixth crucial finding is the skewness and kurtosis statistical descriptors that are also essential
to describe the wind regime since they can display the whole wind distribution pattern. In this study,
skewness and kurtosis values are positive; therefore, the wind pattern takes the shape of positively
skewed and leptokurtic. Thus, the selection of the appropriate distribution can be recognized.

6. CONCLUSION

Selecting convenient distributions for determining the wind speed distribution is crucial fgr many studies

the examined location were studied and compared via many statistical descri
each distribution based on four different error metrics was measured and co .
was computed to determine the distribution with the best matching. The ind data from
the Catalca site in Istanbul were employed to conduct this analysis. i ribution based on GOA
and SSA outperformed the other distributions. However, Weibull di GWO, MFO, and
WOA did. Besides, Inverse Gaussian and Burr distributio and fourth ranks
function, estimation
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