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Abstract. In this paper, for the first time, the upper truncated inverse
Weibull (UTIW) distribution is proposed for modeling wind speed data.
Since there is a upper limit for empirical wind speed data, this data can
be represented by using the UTIW distribution. In this study, the UTTW
distribution is introduced and some of its statistical properties are studied.
Then, the parameters of this distribution are estimated by using different
methods. Simulation studies for these estimators are presented. In addition,
the mentioned distribution performance is tested on real wind speed data of
Ardabil province in Iran. Based on the results of the analysis, it is found that
the presented distribution in this study for modeling wind speed data is more
appropriate than recently introduced distributions. Finally, this distribution
can be used as an alternative model for evaluating wind speed data.
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320 The UTIW Distribution

1 Introduction

Wind energy is one of the most important renewable energies. Today, the
use of wind energy is very much considered because of low cost and friendly
behavior with nature. The prediction of wind speed with its random nature
can be studied as a probabilistic model. Determining the exact probabil-
ity distribution of wind speed is a guarantee of the optimum use of wind
energy and its importance among other energy sources. For more details
see Resources Keyhani et al. (2010), Fyrippis et al. (2010), Ilkili¢ and Ay-
din (2015), Wang et al. (2015), Kose (2004), Kaplan (2015) and Huang and
McElroy (2015).

The Weibull distribution is considered as a widely used distribution in
fitting to wind speed data, for simplicity, flexibility and the fact that its
parameters are easily estimated (Ouammi et al. (2010), Weisser (2003), Ayo-
dele et al. (2012), Celik (2003), Dabbaghiyan et al. (2016), Yip et al. (2016),
Akdag and Giiler (2009) and Ozgur et al. (2009)). However, this distribution
is unable to model all the wind structures encountered in nature (Carta et al.
(2008) and Ouarda et al. (2015)). For this reason, alternative distributions
have been proposed for the modeling of wind speed data. Some of the pro-
posed distributions for modeling wind speed data are: Weibull and Rayleigh
(Safari and Gasore (2010) and Morgan (1995)), inverse Gaussian, Pearson
type V, and Burr (Brano et al. (2011)), Kappa and Wakeby (Morgan et al.
(2011)), Johnson SB (Soukissian (2013)) and mixture distributions (Akpinar
and Akpinar (2009) and Qin et al. (2012)). Also, Ramirez and Carta (2006),
Akpinar and Akpinar (2007), Shamilov et al. (2008) and Kantar and Usta
(2008), respectively propose some distributions derived from the maximum
entropy principle and the minimum cross-entropy principle for modeling wind
speed data. Recently, new models have been proposed for fitting on wind
speed data. Kantar and Usta (2015) considers upper-truncated Weibull dis-
tribution, limited by an upper bound. Arslan et al. (2017) propose to use
Generalized Lindley and Power Lindley distributions for modeling the wind
speed data. Kantar et al. (2018) introduce the Extended Generalized Lindley
distribution (EGL) as an alternative wind speed distribution. Akgiil et al.
(2016) suggest the inverse Weibull (IW) distribution for wind speed. Ouarda
and Charron (2018) have studied the mixture of wind speed distribution.

Due to the Weibull distribution constraints, various types of it have been
introduced. One of the most important of which is the Inverse Weibull (IW)
distribution. This distribution is applicable in various fields. Since it has
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high flexibility for modeling the long tailed right skewed data, it is consid-
ered in this paper. Interested readers, see sources Drapella (1993), Keller
et al. (1982), Mudholkar et al. (1996), Keller and Kamath (1982), Murthy
et al. (2004), De Gusmao et al. (2011), Pasari and Dikshit (2014), Khan et al.
(2008), Aydin (2018) and Jiang et al. (2001).

Truncated distributions are used in situations where occurrences are lim-
ited to a maximum or a minimum value, or within a specific range. If oc-
currences are limited to values which lie below a given threshold or above a
given threshold, the lower (left) truncated distribution and the upper (right)
truncated distribution are obtained respectively (Zhang and Xie (2011)).

Identifying a statistical model that has the best fit on real data is one
of the main topics in the statistics. Since the wind speed data are limited
to a maximum value, this paper suggests the UTIW distribution as an al-
ternative to widely-used wind speed distribution. Then, evaluating this new
model using various criteria shows that it has the best performance relative
to the Weibull (W), Gamma (G) and Extended Generalized Lindley (EGL)
distributions. Estimation of parameters is one of the main issues in deter-
mining wind speed distribution. In this study, four estimation methods are
presented and these methods are compared using the Monte Carlo (MC)
simulation.

The rest of this article is organized as follows: In section 2, the UTTW
distribution is introduced. In section 3 some of the statistical properties
of this distribution are studied. In section 4, the parameters of the UTTW
distribution are estimated using four methods of the moment (MME), max-
imum likelihood (MLE), least square (LS) and Bayes and these methods are
compared by using the MC simulation. Then, in section 5, some of the re-
quired criteria are presented to evaluate the UTIW distribution. Finally, in
section 6, mentioned distribution performance is tested on real wind speed
data in Ardabil province that measured from 2013 to 2016.

2 New Model

When the random variable is limited from above to an unknown cut-off point,
upper truncated distribution is used. This point is called the truncation
point. Since wind speed data has a upper bound, in this research, the UTTW
distribution is proposed for modeling wind speed data.

Definition 1. Upper truncated cumulative distribution function (cdf) is

J. Statist. Res. Iran 16 (2019): 319-342



322 The UTIW Distribution

defined as follows

G(z) = ., 0<a<T, (1)

where T is truncation point and F(x) is the cdf of X random variable (Zhang
and Xie (2011)).

If IW distribution cdf, F(z) = 6_(%)7(1, is replaced in 1 then, the cdf and
the probability density function (pdf) of the UTIW distribution are given by

Gz) = 0<z<T, (2)

g(x): T\—ao , 0<z<T. (3)
e (3)
Where «, 8 > 0, [ is the scale parameter, « is the shape parameter and the

truncation point T is generally assumed to be known. The reliability (R)
and hazard rate function (H) for the UTIW distribution are

B _ )
e ‘B
a(zy—(at+1),—(5)7*
g9(z) 5(5 €
H(z; = = 0<z<T 5
(w50, 8) =17 G) B _ @ == (5)

Where «, 8 > 0. Figure 1 shows the pdf, cdf, reliability and hazard rate
function plots of the UTIW distribution for different values of o and S.

3 Statistical Properties of the New Distribution

In this section, some properties of the introduced distribution such as mode,
rth moment, quantile function, moment generating function, characteristic
function and order statistics are obtained.

3.1 The rth Moment

Since moments are used in computing measures of central tendency, dis-
persion, shapes and estimation parameters, It is imperative to derive the
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Figure 1. The pdf, cdf, reliability and hazard rate function plots of the UTIW distribution
for different values of the o and S.

moments when a new distribution is proposed.
Theorem 1. The rth moment of the UTIW distribution is

—AT( -5
_(%)70(

E(X") = (6)

e

Where T is incomplete gamma function (I'(c,z) = [t ‘e 'dt).

Proof. To prove this, it is enough to use the u = ()™ transform
1 T o x _(z)-a
B = —g | 55
@ Jo BB

(%)7Q )
= —F / (Bu~ )" e “du,
0

O]

By using 6, the mean and variance of the UTIW distribution with a

J. Statist. Res. Iran 16 (2019): 319-342



324 The UTIW Distribution

known truncation point are respectively

—Ar(1 -5, (5)™)

nroriw =

(B ’
(-4, (5)™) Ar-3.(5)
Varyrmw = [6_(%)7‘1}2 — 6_(%)704 )

The skewness (S) and kurtosis (K) of the proposed distribution are ob-
tained by using the following two relations:

E(X3) - 3E(X)E(X?) +2E%(X)
Var%(X)
E(X*%) —4E(X)E(X®) + 6 E*(X)E(X?) —4E4(X)
Var?(X)

S(z;a, ) =

)

K(z;a,8) = - 3.

3.2 Quantile Function

The quantile function is useful in generating sample and in computing the
median, kurtosis and skewness of a distribution. To obtain a quantile func-
tion, it is suffices to solve equation G(x) = U. Then the quantile function of
the UTIW distribution is

~

Qu) = B[(5)™" —logu] =. (7)

Where U ~ Uniform(0,1) (U is a random variable that has a Uniform
distribution).

Table 1 shows the mean, variance, median, skewness, kurtosis, quartiles,
cdf, pdf, reliability and hazard function values for a = 3, 8 = 1.1 and different
values of x and T.

3.3 Moment Generating Function and Characteristics Func-
tion

In the following two theorems, the moment generating function and charac-
teristics function of the UTTW distribution are calculated.
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Table 1. The mean, variance, median, quartiles, kurtosis, skewness, cdf, pdf, hazard rate
function and reliability values for a = 3,8 = 1.1 and different values of x and T.

Statistics T =2z=15 T=4zx=3 T=5z=2 T=8z=5 T=10,z=38

Mean 1.7592
Variance 0.7336
Median 1.1569
@1 0.9499
Qs 1.4312
Kurtosis 1.1955
Skewness 2.5439
G(x) 0.7961
g(x) 0.6279
H(x) 3.0801
R(x) 0.2039

1.5208
0.9967
1.2308
0.9816
1.6280
1.3873
2.1333
0.9719
0.0479
1.7052
0.0281

1.5055
1.0098
1.2366
0.9840
1.6462
1.4139
2.1044
0.8558
0.2136
1.4810
0.1442

1.4934
1.0197
1.2414
0.9859
1.6613
1.4374
2.0815
0.9920
0.0063
0.7906
0.0080

1.4915
1.0212
1.2421
0.9862
1.6637
1.4413
2.0778
0.9987
0.0010
0.7680
0.0013

Theorem 2. The moment generating function of the UTIW distribution is

Mx(t)

-1

Z)foz

= =

08,

, 7!
=0

Where I is incomplete gamma function.

T —a
(37

1
NS
(0%

Proof. By using transform u = (3)™* we have

Mx(t) =

E(e™),

1 /T et:vg x
e_(%)_a 0 BB

1 TS (tr)ax
7, 27 55

-1 it% <%>‘“(ﬂ _

- u

e_(Z e i—0 (3 0

-1 & (tp) i
e—(%-ai& a0y

(8)
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326 The UTIW Distribution

Theorem 3. The characteristics function of the UTIW distribution is

_ > (itB)*
M) = —— 3 W p  E (Lyay (9)

(B =kl a B

Proof. Similar to the proof of Theorem 2, the characteristics function of the
UTIW distribution is obtained. O

3.4 Mode

For obtaining the mode of a distribution, it is enough to derive from the
density function respect to x and put the derivative equal to zero, then the

mode of the UTIW distribution is z = (ij )é

3.5 Order Statistics

The density of rth order statistics of a distribution is calculated by

n!
(r—1ln-r)

Where G(x) and g(z) are the cdf and the pdf of desired distribution respec-
tively.

fr:n(x) =

9(@)G@)] = G (10)

By using expansion [1 —G(z)|"" = > <n Z T) [~G(x)]* and 10, one can
obtain
t — "!(_1)i i—1
Frn®) = 2 i @ G (1)
=0

By substituting 2 and 3 in 11, the density of rth order statistics for UTTW
distribution is obtained.

4 Parameter Estimation Methods

In this section, with four methods of MME, MLE, LS and Bayse the un-
known parameters of the UTIW distribution are estimated. In addition, the
performance of these methods is compared using the MC simulation.
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4.1 MME Method

For estimating the UTIW distribution parameters by the MME method, it is
enough to equate the population moments and the sample moments. Thus,
the MME estimators of the parameters is obtained by solving equations 12
and 13.
T —Ar(1- 1, (%)) 12)
n —(Z)’CY ’

L oma2 AT -2(5))
B=) = €—<5> ' (13)

4.2 MLE Method

The MLE method is one of the most widely used methods for estimating
unknown parameters. This method has asymptomatic statistical character-
istics such as consistency, efficiency and normality. The MLE estimator is
the value that maximizes the log-likelihood function.

For this purpose, let X1, Xo, ..., X;, ~ UTIW («, #) denote random sam-
ples with parameter vector © = («, ), then the likelihood function is given
by

ol - n %%) (a+1) o= (F)~ - (%)nH?:l(%)_(a-‘rl)e_Zi:l(Fz)_ |
|'Z‘ _H T —a - —(Z)*O‘ n
i=1 5 (6 7 )
(14)
The log-likelihood function is
L =logl(®|z) =nloga— nlog,@—i—n(T —(a+1) Zlog iz -
5 - = 5
(15)

Where z; € [0,7],7 = 1,2,...,n. If the truncation point (7) is taken as the
largest sample observation (1" — ) the log-likelihood function reaches
the maximum value. Now, by deriving from the above function respect to
the a and 8 parameters and equating to zero of these partial derivatives, the
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328 The UTIW Distribution

following equations are obtained:

oL T

%:g—n(ﬁ O‘log —i—E log —) =1} =0,
OL _na T . , na o Tiy o _

o555 s ﬁzil(ﬁ) !

The above equations are not solved by analytical methods. Therefore,
"Newton Raphson method” is used to solve these equations. By obtaining the
second derivative of the log-likelihood function, the elements of the matrix
of information are obtained as follows

O%L n T T Ly T

9l 2T ”(E)_a[log(gw - ;(5)_a[log(5)]2,
L nafa—1) T o na  ala-—1) - Ti\_q
o2 B (ﬁ) B2 B Z;(ﬂ) ’
9%L :vl T n T o T
8ﬁ8a ﬁ 52 alOg(ﬁ)]—i_E(E) [1 alog(ﬁ)}.
Information matrix is given by
. L L
e - () (15
9B0a  Op?

Where /nf(e — &), (8 — 8)] — N(0,I7*(a,)). The approximate (1 —
€)100% confidence intervals for the parameters o and  are determined,

respectively as
/ Var / Var
é é
2 2

Where Var(@) and Var(J3) are the diagonal elements of I~1(©) and Z¢ is
2

the upper % percentile of the standard normal distribution.
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4.3 LS Method

let Xy, ..., X, are random samples that have UTTW distribution. Then, the
LS estimator of parameters o and 3 are obtained by minimizing the following

function
n

LS = [G(za) —wl,

i=1
~(ZQy=e
where G(z(;)) = % is the distribution function of the ordered random
e B

variables and u; = ﬁﬂ Then

OLS 2 " ,(z(i))—a —(Zy=a  T()\— L (4) T _
— e B e '8 alo — (= alO —
5o [e_(g)afz; {55 log(=3) = ()" log(5)]}
—(ZDy-a
e B
_(Z) _u’b} = 07 (17)
e B
OLS 20 N (CWye (T E@) o T
— e B e '8 — 4+ (—
7(I(Bi))—a
x {—— —u;} =0 (18)
D)

By numerical solution of equations 17 and 18, estimation of unknown pa-
rameters are obtained.

4.4 Bayes Method

In this method, let the previous information of o and S are independent of
each other, so II(«, 8) = II(a)II(B). The prior distribution Uniform (BU)
is used. Since the denominators of the posterior distributions have a two-
integral, it is not easy to calculate them, so the "important sampling method”
is used (Rubinstein and Kroese, 2016). In the relevant section, the results
are presented.

4.5 Simulation Study With Using MC Method

Now, the performance of the four mentioned methods is compared to estimate
the UTIW distribution parameters using the MC simulation. At the first,
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330 The UTIW Distribution

a random sample of the UTIW distribution with parameters oy, = 5 and
Btrue = 3 (let T'= 6) is generated. The required random sample is generated
by the method ”inverse transform”, that the algorithm of this method is as
follows

1. Generate U from U(0,1).

2. Return X = F~Y(U).

Q=

Where X = ﬁ[(%)*o‘ —logu| ™

This study is done for sample size n = 30, 50, 70, 100, 120, 150, 170, 200,
and the number of replicates is 1000. Finally, for comparing these methods,
criteria such as bias, variance and mean square error (MSE) are derived.
Bias and MSE of the estimators & and B are calculated respectively

~ ~

MSE(&) = E(& — agrye)?, MSE(B) = E(B — Biue)?.

MATLAB software has been used for simulation studies and the results have
been summarized in Figures 2 and 3.

According to Figures 2 and 3, we conclude that MLE method have the
best performance because this method has the least variance and MSE and
the bias is close to zero and the MME method is the most inappropriate.
However, among these methods, the estimators obtained by using the MLE
approach are very close to real value. Hence, in the remainder of this paper,
the MLE estimators of the parameters are used.

5 Goodness-of-Fit Evaluation

To evaluate performance of the UTIW distribution, criteria such as root mean
square error (RMSE), coefficient of determination (R?), maximum value of
the log-likelihood function corresponding to the MLE estimates of the pa-
rameters (L), Akaike information criterion (AIC), Bayesian information crite-
rion (BIC), consistent Akaike information criteria (CAIC) and Kolmogorov-
Smirnov test (KS) are used. The formulas for these criteria have been listed
in Table 2.

Where, in Table 2, L is log likelihood function, ¢ is the number of parameters,
n is sample size and x(;) is the ordered observation.
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o estimators Bias of o estimators
8 34
7 \\M 2 \‘\’_\M
=
6 1F1 ]
]
pP——a o o - ] B & - - - -
5 = = = = a —) 0 = € & [
b e I, 5 —— ’ % fo— e e —fe B
- L L L L L L L e i , L L . . L .
40 60 80 100 120 140 160 180 200 L 40 60 80 100 120 140 160 180 200
Sample size Sample size
Var of o estimators MSE of o estimators

o = = 2 5 & & = = a &
. | . f f . L . L L ) ; ; . ’ .
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Sample size Sample size

[——MME —e— MLE —— LS —— Bayes|

Figure 2. The results of « estimators.

Table 2. Goodness-of-fit criteria

Goodness-of-fit Equation

Akaike information criterion AIC = 2L+ 2q

Bayesian information criterion BIC = —2L + qlog(n)

Consistent Akaike information criteria CAIC = —2L + nz‘fzn_l

Kolmogorov-Smirnov KS = lréliasxnﬂ% — F(z@)|, |F(ze — 52}
N 2

Root mean square error RMSE = [ Zn: w] 3

i

i=

é?l (ﬁ(zu))*#l)z

Coefficient of determination RP=1-3=
> (Paw)-Faw)
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B estimators Bias of B estimators
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Figure 3. The results of 3 estimators.

6 Application: Wind Speed Data

The data used in this paper have been taken from the Meteorological Or-
ganization of Iran. These data include the monthly average wind speed of
Ardebil province from 2013 to 2016, which is given in Table 3. For eval-
uating the performance of the UTIW distribution in the modeling of wind
speed data, this distribution is fitted on these data. Table 5 shows the MLE
estimator of unknown parameters and Table 6 compares the effectiveness of
the UTIW distribution, for modeling wind speed data versus EGL, W and
G distributions, through criteria such as AIC, BIC, CAIC, L, KS, P-value,
RMSE and R?. Table 4 shows the pdf of EGL, W and G distributions.

It is clear from Table 6 that the UTIW distribution has the best perfor-
mance in fitting on these data and is the most appropriate relative to other
distributions based on all the considered criteria. For example in 2013 the
UTIW distribution in this research has the best performance because it has
the lowest values of AIC, BIC, CAIC, KS and RMSE and the highest values
of L, P-value and R?. The results of these criteria can be summarized as
follows
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Table 3. Mean wind speed of Ardebil province in Iran from 2013 to 2016.

Year 2013 2014 2015 2016
January 5.7 4.6 4.9 7.4
February 3.2 3.1 3.8 4.9
March 5.1 4.7 3.1 4.6
April 2.6 3.5 4.6 3
May 34 3.1 3.3 34
June 3.1 3.5 3.8 3.4
July 4 34 3.9 3.9
August 3.9 3.5 3.9 3
September 3.7 3.3 2.4 2.7
October 3.7 3.6 3.7 2.8

November 2.8 3.1 4.2 3.6
December 3.6 4.8 4.9 5

Table 4. The density of selected distributions for fitting on wind speed data.

Distribution Density Range
k2e(1 2p—1 _k—k(1+cz)P
EGL fEGL(x) =E e(1tez) k+1e SL',C,p,k >0
_(zyo
Weibull fw (@) = 5(2)" e B z,0,3>0
a=1,"5
Gamma fa(z) = Zﬁ“l"?a) z, o, >0
Table 5. MLE values of the parameters
Year
Distribution 2013 2014 2015 2016
UTIW & = 4.8250 & = 17.9765 & = 2.054 & = 4.4243
B3 =3.3651 B = 3.4285 8 =5.231 B =3.3788
EGL & = 4.4458628 é = 1.0798254 ¢=0.07895 ¢&=1416¢ + 01
P = 3.2576718 P = 5.1846309 p=18.18965 p = 2.276¢ + 00
k =0.0001451 k = 0.0003965 k=001212 &k =1.727¢—04
Weibull & = 4.369101 & = 6.050477 & =6.463977 & = 3.119020
8 = 4.080962 B = 3.954042 B8=4162333 B =4.432718
Gamma & = 20.880102 & = 39.52571 & =28.22638 & = 11.603501
B = 5.592762 B =10.73087 B=7.28425 B =2.919286
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334 The UTIW Distribution

Table 6. Results of goodness-of-fit criteria for wind speed data of Ardabil province.

Year Distribution AIC BIC CAIC L KS Pvalue RMSE R?
2013 UTIW 30.49572  31.46554 31.82906 —13.24785 0.1802 0.8304 0.05116186 0.9680814
EGL 36.54219  37.99691  39.54219 —15.27108 0.2267 0.5685  0.08151827  0.9054252

Weibull 35.51438  36.48419  36.84771 —15.75719 0.2334 0.5305 0.08403572  0.893143

Gamma 32.8138  33.78361 34.14713  —14.4069  0.1811  0.8263 0.063328 0.9486589

2014 UTIW 20.44323  21.41304 21.77656 —8.221616 0.2168 0.6252  0.1049911 0.888284
EGL 29.28622  30.74094  32.28622 —11.64311 0.3139 0.1879  0.1313041  0.7882557

Weibull 27.92791  28.89773  29.26125 —11.96396 0.3173  0.1784  0.1323845  0.7795464

Gamma 25.02029  25.9901  26.35363 —10.51015 0.2859  0.2803  0.1229977 0.828399

2015 UTIW 27.1373 2810711 28.47063 —11.56865 0.185  0.8058  0.06710672  0.9441288
EGL 31.26519  32.71991  34.26519  —12.6326  0.1918 0.7694  0.0662878  0.9480651

Weibull 29.15501  30.12483  30.48835 —12.57751 0.1853 0.8043  0.06470574  0.9503291

Gamma 30.1964  31.16622  31.52973  —13.0982  0.1783 0.8399  0.06135646  0.9522002

2016 UTIW 36.99553  37.96534 38.32886 —16.49777 0.1451 0.9622  0.0632527  0.9580506
EGL 44.89427  46.34899  47.89427  —19.44707 0.1792  0.8355  0.0768337  0.9139807

Weibull 44.20502  45.17483  45.53835 —20.10251 0.1919  0.769  0.08051086  0.8956057

Gamma 41.05548  42.02529  42.38881 —18.52774 0.1755  0.8537  0.07416397  0.9316567

o In all years, the UTTW distribution has the least AIC, BIC and CAIC.

e In all years, except for 2015, the UTIW distribution has the least RMSE
and the highest R?.

o According to the KS and P-value, except for 2015, in all year the least
KS and the highest P-value belong to the UTIW distribution.

Figures 4, 5, 6 and 7 represent histogram and theoretical densities and
empirical and theoretical cdfs of UTIW, EGL, W and G for wind speed data
measured in Ardabil from 2013 to 2016. Based on these Figures, it is seen
that the UTTW distribution is the best model.

7 Conclusion
The main results of this research can be summarized as follows:

e In this paper for the first time, the UTIW distribution was introduced
for modeling wind speed data.

e Four methods for estimating parameters were introduced and these
methods were compared by using MC simulation. Finally, the MLE
method was chosen as the most appropriate estimation method.
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Figure 4. Histogram, theoretical densities and empirical and theoretical cdfs of the UTIW,
EGL, W and G for wind speed data measured in Ardabil in year 2013.
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Figure 5. Histogram, theoretical densities and empirical and theoretical cdfs of the UTIW,
EGL, W and G for wind speed data measured in Ardabil in year 2014.
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Figure 6. Histogram, theoretical densities and empirical and theoretical cdfs of the UTIW,
EGL, W and G for wind speed data measured in Ardabil in year 2015.
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Figure 7. Histogram, theoretical densities and empirical and theoretical cdfs of the UTIW,
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EGL, W and G for wind speed data measured in Ardabil in year 2016.
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o The accuracy of the UTIW distribution versus EGL, W and G distribu-
tions was compared by fitting on wind speed data in Ardabil province.
Based on criteria such as AIC, BIC, CAIC, L, KS, RMSE and R?, the
superiority of the proposed model was demonstrated in comparison
with other models.

e Finally, the UTTW distribution can be used as a new and alternative
model for evaluating wind speed data.
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