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Abstract

For the evaluation of wind energy potential, probability density functions (pdfs) are usually used
to describe wind speed distributions. The selection of the appropriate pdf reduces the wind power
estimation error. The most widely used pdf for wind energy applications is the 2-parameter
Weibull probability density function. In this study, a selection of pdfs are used to model hourly
wind speed data recorded at 9 stations in the United Arab Emirates (UAE). Models used include
parametric models, mixture models and one non-parametric model using the kernel density
concept. A detailed comparison between these three approaches is carried out in the present
work. The suitability of a distribution to fit the wind speed data is evaluated based on the log-
likelihood, the coefficient of determination R?, the Chi-square statistic and the Kolmogorov-
Smirnov statistic. Results indicate that, among the one-component parametric distributions, the
Kappa and Generalized Gamma distributions provide generally the best fit to the wind speed data
at all heights and for all stations. The Weibull was identified as the best 2-parameter distribution
and performs better than some 3-parameter distributions such as the Generalized Extreme Value
and 3-parameter Lognormal. For stations presenting a bimodal wind speed regime, mixture
models or non-parametric models were found to be necessary to model adequately wind speeds.
The two-component mixture distributions give a very good fit and are generally superior to non-

parametric distributions.

Keywords

probability density function; model selection criteria; wind speed distribution; Kappa

distribution; coefficient of determination; mixture distribution; non-parametric model.
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1 Introduction

The characterization of short term wind speeds is essential for the evaluation of wind energy
potential. Probability density functions (pdfs) are generally used to characterize wind speed
observations. The suitability of several pdfs has been investigated for a number of regions in the
world. The choice of the pdf is crucial in wind energy analysis because wind power is formulated
as an explicit function of wind speed distribution parameters. A pdf that fits more accurately the

wind speed data will reduce the uncertainties in wind power output estimates.

The 2-parameter Weibull distribution (W2) and the Rayleigh distribution (RAY) are the pdfs that
are the most commonly used in wind speed data analysis especially for studies related to wind
energy estimation (Justus et al., 1976; Hennessey, 1977; Nfaoui et al., 1998; Sahin and Aksakal,
1998; Persaud et al. 1999; Archer and Jacobson, 2003; Celik, 2003; Fichaux and Ranchin, 2003;
Kose et al., 2004; Akpinar and Akpinar, 2005; Ahmed Shata and Hanitsch, 2006; Acker et al.,
2007; Gokeek et al., 2007; Mirhosseini et al., 2011; Ayodele et al., 2012; Irwanto et al., 2014;
Ordonez et al., 2014; Petkovic¢ et al., 2014). The W2 is by far the most widely used distribution
to characterize wind speed. The W2 was reported to possess a number of advantages (Tuller and
Brett, 1985, for instance): it is a flexible distribution; it gives generally a good fit to the observed
wind speeds; the pdf and the cumulative distribution function (cdf) can be described in closed
form; it only requires the estimation of 2 parameters; and the estimation of the parameters is
simple. The RAY, a one parameter distribution, is a special case of the W2 when the shape
parameter of this latter is set to 2. It is most often used alongside the W2 in studies related to

wind speed analysis (Hennessey, 1977; Celik, 2003; Akpinar and Akpinar, 2005).
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Despite the fact that the W2 is well accepted and provides a number of advantages, it cannot
represent all wind regimes encountered in nature, such as those with high percentages of null
wind speeds, bimodal distributions, etc. (Carta et al., 2009). Consequently, a number of other
models have been proposed in the literature including standard distributions, non-parametric
models, mixtures of distributions and hybrid distributions. A 3-parameter Weibull (W3) model
with an additional location parameter has been used by Stewart and Essenwanger (1978) and
Tuller and Brett (1985). They concluded to a general better fit with the W3 instead of the
ordinary W2. Auwera et al. (1980) proposed the use of the Generalized Gamma distribution
(GG), a generalization of the W2 with an additional shape parameter, for the estimation of mean
wind power densities. They found that it gives a better fit to wind speed data than several other
distributions. Recently, a variety of other standard pdfs have been used to characterize wind
speed distributions (Carta et al., 2009; Zhou et al., 2010; Lo Brano et al., 2011; Morgan et al.,
2011; Masseran et al., 2012; Soukissian, 2013). These include the Gamma (G), Inverse Gamma
(1G), Inverse Gaussian (IGA), 2 and 3-parameter Lognormal (LN2, LN3), Gumbel (EV1), 3-
parameter Beta (B), Pearson type Il (P3), Log-Pearson type 11l (LP3), Burr (BR), Erlang (ER),
Kappa (KAP) and Wakeby (WA) distributions. Some studies considered non-stationary
distributions in which the parameters evolve as a function of a number of covariates such as time
or climate oscillation indices (Hundecha et al., 2008). This approach allows integrating in the

distributional modeling of wind speed information concerning climate variability and change.

To account for bimodal wind speed distributions, mixture distributions have been proposed by a
number of authors (Carta and Ramirez, 2007; Akpinar and Akpinar, 2009; Carta et al., 2009;
Chang, 2011; Qin et al., 2012). The common models used are a mixture of two W2 and a mixture

of a normal distribution singly truncated from below with a W2 distribution. In Carta et al.
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(2009), the mixture models were found to provide a good fit for bimodal wind regimes. They
were also reported to provide the best fits for unimodal wind regimes compared to standard

distributions.

Non-parametric models were also proposed by a number of authors. The most popular are
distributions generated by the maximum entropy principle (Li and Li, 2005; Ramirez and Carta,
2006; Akpinar and Akpinar, 2007; Chang, 2011; Zhang et al., 2014). These distributions are very
flexible and have the advantage of taking into account null wind speeds. Another non-parametric
model using the kernel density concept was proposed by Qin et al. (2011). This approach was

applied by Zhang et al. (2013) in a multivariate framework.

Because a minimal threshold wind speed is required to be recorded by an anemometer, null wind
speeds are often present. However, for many distributions, including the W2, null wind speeds or
calm spells are not properly accounted for because the cdf of these distributions gives a null
probability of observing null wind speeds (i.e. F, (0)=0, where F (x) is the cdf of a given
variable X). Takle and Brown (1978) introduced what they called the “hybrid density
probability” to consider null wind speeds. The zero values are first removed from the time series
and a distribution is fitted to the non-zero series. The zeros are then reintroduced to give the
proper mean and variance and renormalize the distribution. Carta et al. (2009) applied hybrid
functions with several distributions and concluded that there is no indication that hybrid

distributions offer advantages over the standard ones.

In order to compare the goodness-of-fit of various pdfs to sample wind speed data, several
statistics have been used in studies related to wind speed analysis. The most frequently used ones

are the coefficient of determination (R ?) (Garcia et al., 1998; Celik, 2004; Akpinar and Akpinar,
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2005; Li and Li, 2005; Ramirez and Carta, 2006; Carta et al., 2009; Morgan et al., 2011;
Soukissian, 2013; Zhang et al., 2013), the Chi-square test results (°) (Auwera et al., 1980;
Conradsen et al., 1984; Dorvlo, 2002; Akpinar and Akpinar, 2005; Chang, 2011), the
Kolmogorov-Smirnov test results (KS) (Justus et al., 1976, 1978; Tuller and Brett, 1985; Poje
and Cividini, 1988; Dorvlo, 2002; Chang, 2011; Qin et al., 2011; Usta and Kantar, 2012) and the
root mean square error (rmse) (Justus et al., 1976, 1978; Auwera et al., 1980; Seguro and
Lambert, 2000; Akpinar and Akpinar, 2005; Chang, 2011). In most studies, a visual assessment
of fitted pdfs superimposed on the histograms of wind speed data is also performed (Nfaoui et
al., 1998; Algifri, 1998; Ulgen and Hepbasli, 2002; Archer and Jacobson, 2003; Kose et al. 2004;

Jaramillo et al., 2004; Chang, 2011; Qin et al., 2011; Chellali et al., 2012). R? and rmse are

either applied on theoretical cumulative probabilities against empirical cumulative probabilities
(P-P plot) (Ramirez and Carta, 2006; Carta et al., 2009; Morgan et al., 2011; Soukissian, 2013)
or on theoretical wind speed quantiles against observed wind speed quantiles (Q-Q plot) (Garcia
et al., 1998; Celik, 2004; Akpinar and Akpinar, 2005; Li and Li, 2005; Zhang et al., 2013). These
statistics are also sometimes computed with wind speed data in the form of frequency histograms

(Carta et al., 2008, 2009; Zhou et al., 2010; Qin et al., 2011; Usta and Kantar, 2012).

In addition to the analysis performed on wind speed distributions, some authors have also
evaluated the suitability of pdfs to fit the power distributions obtained by sample wind speeds or
to predict the energy output (Auwera et al.,1980; Seguro and Lambert, 2000; Celik, 2004; Li and
Li, 2005; Gokgek et al., 2007; Zhou et al., 2010; Chang, 2011; Morgan et al., 2011; Chellali et
al., 2012). In this case, pdfs are first fitted to the wind speed data. Then, theoretical power
density distributions are derived from the pdfs fitted to wind speed. Finally, measures of

goodness-of-fit are computed using the theoretical wind power density distributions and the
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estimated power distribution from sample wind speeds. Alternatively, analyses are also
performed on the cube of wind speed which is proportional to the wind power (Hennessey et al.,

1977; Carta et al., 2009).

A relatively limited number of studies have been conducted on the assessment of pdfs to model
wind speed distributions in the Arabian Peninsula or neighboring regions: Algifri (1998) in
Yemen, Mirhosseini (2011) in Iran, Sulaiman et al. (2002) in Oman, and Sahin and Aksakal

(1998) in Saudi Arabia. In all these studies, only the W2 or the RAY has been used.

The aim of the present study is to evaluate the suitability of a large number of pdfs, commonly
used to model hydro-climatic variables, to characterize short term wind speeds recorded at
meteorological stations located in the United Arab Emirates (UAE). A comparison among one-
component parametric models, mixture models and a non-parametric model is carried out. The
one-component parametric distributions selected are the EV1, W2, W3, LN2, LN3, G, GG,
Generalized Extreme Value (GEV), P3, LP3 and KAP. The mixture models considered in this
work are the two-component mixture Weibull distribution (MWW) and the two-component
mixture Gamma distribution (MGG). For the non-parametric approach, a distribution using the
kernel density concept is considered. The evaluation of the goodness-of-fit of the pdfs to the data

is carried out through the use of the log-likelihood (In L), R?, y* and KS. The present paper is

organized as follows: Section 2 presents the wind speed data used. Section 3 illustrates the
methodology. The study results are presented in Section 4 and the conclusions are presented in

Section 5.

2 Wind speed data
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The UAE is located in the south-eastern part of the Arabian Peninsula. It is bordered by the
Arabian Sea and Oman in the east, Saudi Arabia in the south and west and the Gulf in the north.
The climate of the UAE is arid with hot summers. The coastal area has a hot and humid summer
with temperatures and relative humidity reaching 46 °C and 100% respectively. The interior
desert region has very hot summers with temperatures rising to about 50 °C and cool winters
during which the temperatures can fall to around 4 °C (Ouarda et al., 2014).Wind speeds in the
UAE are generally below 10 m/s for most of the year. Strong winds with mean speeds exceeding
10 m/s over land areas occur in association with a weather system, such as an active surface
trough or squall line. Occasional strong winds also occur locally during the passage of a gust
front associated with a thunderstorm. Strong north-westerly winds often occur ahead of a surface
trough and can reach speeds of 10-13 m/s, but usually do not last more than 6-12 hours. On the
passage of the trough, the winds veer south-westerly with speeds of up to 20 m/s over the sea,

but rarely exceed 13 m/s over land.

Wind speed data comes from 9 meteorological stations located in the UAE. Table 1 gives a
description of the stations including geographical coordinates, altitude, measuring height and
period of record. For 7 of the 9 stations, only one anemometer is available and it is located at a
height of 10 m. For the 2 others, there are anemometers at different heights. Periods of record
range from 11 months to 39 months. The geographical location of the stations is illustrated in
Figure 1. It shows that the whole country is geographically well represented. 4 stations (Sir Bani
Yas Island, Al Mirfa, Masdar city and Masdar Wind Station) are located near the coastline. The
stations of East of Jebel Haffet and Al Hala are located in the mountainous north-eastern region.

The station of Al Aradh is location in the foothills and the stations of Al Wagan and Madinat
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Zayed are located inland. Masdar Wind Station is located approximately at the same position

than the station of Masdar City.

Wind speed data were collected initially by anemometers at 10-min intervals. Average hourly
wind speed series, which is the most common time step used for characterizing short term wind
speeds, are computed from the 10-min wind speed series. Missing values, represented by
extended periods of null hourly wind speed values, were removed from the hourly series.

Percentages of calms for the hourly time series of this study are extremely low.

3 Methodology

3.1 One-component parametric probability distributions

A selection of 11 distributions was fitted to the wind speed series of this study. Table 2 presents
the pdfs of all distributions with their domain and number of parameters. For each pdf, one or
more methods were used to estimate the parameters. Methods used for each pdf are listed in
Table 2. For most distributions, the maximum likelihood method (ML) and the method of
moments (MM) were used. For KAP, the method of L-moments (LM) was applied instead of
MM. Singh et al. (2003) showed that a better fit is obtained when the parameters of KAP are
estimated with LM instead of MM. The LM method is described in Hosking and Wallis (1997)
and the algorithm used is presented in Hosking (1996). For the LP3, the Generalized Method of
Moments (GMM) (see Bobée, 1975, and Ashkar and Ouarda, 1996) as well as two of its variants,
the method of the Water Resources Council (WRC) from the Water Resources Council (1967)
and the Sundry Averages Method (SAM) from Bobée and Ashkar (1988) were used. Results
obtained in this study reveal that GMM gave a significantly superior fit than the other methods

and consequently only the results obtained with this method are presented here.

9
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3.2 Mixture probability distributions

To model wind regimes presenting bimodality, it is common to use models with a linear
combination of distributions. Suppose that V; (i=1, 2, ..., d) are independently distributed with d

distributions f (;6,) where 6, are the parameters of the i" distribution. The mixture density

function of V distributed as V; with mixing parameters w; is said to be a d component mixture

d
distribution where Za)i =1. The mixture density function of V is given by:
i=1

f (0.0 =Y ol v:0). )

In the case of a two-component mixture distribution, the mixture density function is then:
f;@.6,6,)=of (:0)+1-0)f ¢;0). )

Mixture of two 2-parameter Weibull pdfs (MWW) and two Gamma pdfs (MGG) are used in this
study. The probability density functions of these two mixture models are presented in Table 2.
The least-square method (LS) is used to fit the parameters of both mixture models. This method
is largely employed with mixture distributions applied to wind speeds (Carta and Ramirez, 2007,
Akpinar and Akpinar, 2009). The least-square function is optimized with a genetic algorithm.
Advantages of the genetic algorithm are that it is more likely to reach the global optimum and it
does not require defining initial values for the parameters, which is difficult in the case of

mixture distributions.
3.3 Non-parametric kernel density

For a data sample, X,,...,X, , the kernel density estimator is defined by:

10
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ka;h):%i;K(x ;Xij @)

where K is the kernel function and h is the bandwidth parameter. The kernel function selected for

this study is the Gaussian function given by:

K(X ;XiJ:(\/;_ﬁjexp(_%j_ (4)

The choice of the bandwidth parameter is a crucial factor as it controls the smoothness of the

density function. The mean integrated squared error (MISE) is commonly used to measure the

performance of f :
MISE(h):EJ'(fA(x,h)—f (x))zdx. (5)

MISE is approximated by the asymptotic mean integrated squared error (AMISE; Jones et al.,

1996):

AMISE (h) =n*h 'R (K ) +h*R (f ")(szK /2) (6)

where R(go)=j¢)2(x Yix and jXZK =IX2K(X Ydx . The optimal bandwidth parameter that

optimizes Eq. (6) is:

_ R(K)
Pamise _{HR(f ,,)(J‘XZK)ZI' (7

In this study, Eq. (7) is solved with the R package kedd (Guidoum, 2014).

3.4 Assessment of goodness-of-fit

11
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To evaluate the goodness-of-fit of the pdfs to the wind speed data, the In L, two variants of the

R?, the y* and the KS were used. A number of approaches to compute the R? statistic are
found in the literature and are considered in this study. Thus, two variants of R? are computed:
R/, which uses the P-P probability plot approach and R(;Q which uses the Q-Q probability plot

approach. These indices are described in more detail in the following subsections.
3.4.1 log-likelihood (In L)

In L measures the goodness-of-fit of a model to a data sample. For a given pdf f ;(x) with

distribution parameter estimates é, it is defined by:
InL — In(HLlfé(vi )) (8)

where v. is the i observed wind speed and n is the number of observations in the data set. A

higher value of this criterion indicates a better fit of the model to the data. It should be noted that
In L cannot always be calculated for the LP3 and KAP distributions. The reason is that it
occasionally happens that at least one wind speed observation is outside the domain defined by
the distribution for the parameters estimated by the given estimation method. Then, at least one
probability density of zero is obtained which makes the calculation of the log-likelihood

impossible.

342 R2,

12
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R/, is the coefficient of determination associated with the P-P probability plot which plots the

theoretical cdf versus the empirical cumulative probabilities. RZ, quantifies the linear relation

between predicted and observed probabilities. It is computed as follows:

Rz —1-2ua(G =R ©)
Z?:l(l:i _F)2

where F is the predicted cumulative probability of the i observation obtained with the

theoretical cdf, F, is the empirical probability of the i observation and F_=—1 E _”_lFi . The
n“<="=-
empirical probabilities are obtained with the Cunnane (1978) formula:

- _i-04

- — 10
' n+0.2 (10)

where i =1,...,n is the rank for ascending ordered observations. An example of a P-P plot is

presented in Figure 2a for KAP/LM at the station of East of Jebel Haffet.

3.4.3 R,

RéQ is the coefficient of determination associated with the Q-Q probability plot defined by the

predicted wind speed quantiles obtained with the inverse function of the theoretical cdf versus

the observed wind speed data. Plotting positions for estimated quantiles are given by the
empirical probabilities F, defined previously. RSQ quantifies the linear relation between

predicted and observed wind speeds and is computed as follows:

13
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1— Zi:l(vi _\7‘)2 (11)
Zin:l(vi -v)*

2 _
Rao =

where V; = F‘l(Fi) is the i™ predicted wind speed quantile for the theoretical cdf F(x ), v, is the

i observed wind speed and v =lz_"_1vi . An example of a Q-Q plot is presented in Figure 2b
n“<'-

for KAP/LM at the station of East of Jebel Haffet.
3.4.4 Chi-square test ( 7°)

The Chi-square goodness-of-fit test judges the adequacy of a given theoretical distribution to a
data sample. The sample is arranged in a frequency histogram having N bins. The Chi-square test

statistic is given by:

Z2 — iw (12)
4 E.
where O is the observed frequency in the i" class interval and E; is the expected frequency in the
i class interval. E; is given by F(,)—F, ) wherev, , and v, are the lower and upper limits
of the i class interval. The size of class intervals chosen in this study is 1 m/s. A minimum
expected frequency of 5 is required for each bin. When an expected frequency of a class interval
is too small, it is combined with the adjacent class interval. This is a usual procedure as a class

interval with an expected frequency that is too small will have too much weight.
3.4.5 Kolmogorov-Smirnov (KS)

The KS test computes the largest difference between the cumulative distribution function of the

model and the empirical distribution function. The KS test statistic is given by:

14
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D = max

1<i<n

F-F| (13)

A

where F

is the predicted cumulative probability of the i™ observation obtained with the

theoretical cdf and F, is the empirical probability of the i observation obtained with Eq. (10).

4 Results

Each selected pdf was fitted to the wind speed series with the different methods and the statistics
of goodness-of-fit were afterwards calculated. The results are presented here separately for
stations with an anemometer at the 10 m height and for stations with anemometers at other

heights.
4.1 Description of wind speed data

Table 3 presents the descriptive statistics of each station including maximum, mean, median,
standard deviation, coefficient of variation, coefficient of skewness and coefficient of kurtosis.
For stations at 10 m, mean wind speeds vary from 2.47 m/s to 4.28 m/s. The coefficients of
variation are moderately low, ranging from 0.46 to 0.7. All coefficients of skewness are positive,
indicating that all distributions are right skewed. The coefficients of kurtosis are moderately

high, ranging from 2.9 to 4.47.

Figures 3 and 4 present respectively the spatial distribution of the median wind speed and the
altitude of the stations at 10 m. The circle sizes in Figures 3 and 4 are respectively proportional
to the median wind speeds and the altitudes of stations. Generally, coastal sites (Sir Bani Yas

Island, Al Mirfa and Masdar City) and sites near the mountainous region (East of Jebel Haffet)

15
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are subject to higher mean wind speeds than inland sites. Two of the coastal sites of this study

have high wind speeds. However, Masdar City is characterized by lower wind speeds.

Altitude is an important factor to explain wind speeds. For this study, the largest median wind
speed occurs at East of Jebel Haffet, which is also the station that is located at the highest
altitude (341 m) among the 10 m height stations. However, Al Aradh, also located at a relatively
high altitude (178 m), has the lowest median wind speed. This shows that a diversity of other
factors affect wind speeds and a simple relation between mean values and geophysical
characteristics is difficult to establish. It is necessary to study in detail the effects of other factors
such as large-scale and small-scale features, terrain characteristics, presence of obstacles, surface
roughness, presence of ridges and ridge concavity in the dominant windward direction, and

channeling effect.
4.2 Stations at 10 m height

Table 4 presents the goodness-of-fit statistics for each distribution associated with a method
(D/IM) for the stations at 10 m height. Since R/, RQ2Q, 7% and KS allow comparing different

samples together, the statistics obtained are presented with box plots in Figure 5. LN2 leading to
poor fits has been discarded from these box plots. Table 5 lists the 6 best D/Ms based on all
goodness-of-fit statistics. The best one-component parametric pdfs are denoted with superscript
letter a and the best two-component mixture parametric pdfs are denoted with superscript letter b
in Table 5. The performances of one-component parametric models are first analyzed here and

the comparison with mixture models and the non-parametric model is carried out afterwards.

The box plots of statistics in Figure 5 are used to analyze the performances of one-component

parametric pdfs. Based on R2,, KAP/LM leads to the best fits followed closely by GG/MM.

PP
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Based on RQZQ , GG/MM is the best D/M followed closely by KAP/LM. Based on y*, GG/MM

leads to the best fit followed closely by W3/ML. Finally, based on KS, KAP/LM is the best D/M
followed by GG/MM. With all statistics considered in this study, the W2 is the best 2-parameter
distribution and leads to better performances than the 3-parameter distributions GEV and LNS3.

Box plots reveal also that D/Ms using MM are somewhat preferred over those that use ML.

Ranks of one-component parametric models in Table 5 are analyzed here. Based on In L,
KAP/ML and GG/ML are the best D/Ms for 3 stations. Even if GG is often one of the best
ranked pdf, it is not even included among the best pdfs for the stations of Al Mirfa, East of Jebel
Haffet and Madinat Zayed. On the other hand, the KAP is included within the best D/Ms for all 7
stations. It is important also to notice that D/Ms using ML, a method that maximizes the log-

likelihood function, are preferred by In L over D/Ms using other methods. For RZ, , the
KAP/LM is the best D/M for 5 stations. GG, being the second best pdf, is not even among the
best 6 D/Ms for most stations. Based on the RQZQ statistic, GG/MM is the best D/M for 4 stations

and is ranked the overall third best for two other stations. However, GG is not listed among the
best D/Ms for the station of East-of-Jebel Haffet, while KAP/LM is within the best D/Ms for all
stations. Based on y*, GG/MM is the best D/M for 4 stations in Table 5. However, GG is not

within the best 6 D/Ms for East of Jebel Haffet. Based on KS, KAP/LM is the best D/M for 5
stations and is among the 6 best D/Ms for every station. GG, the second best pdf, is not within

the best 6 D/Ms for East of Jebel Haffet, Madinat Zayed and Sir Bani Yas Island.

Globally, the best performances for one-component parametric models are obtained with the

KAP and GG. For R2, and KS, KAP is clearly the preferred distribution. For In L, RéQ and »°,
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either KAP or GG can be considered as the preferred distribution. However, the GG distribution

is less flexible. Indeed, GG is often not selected among the 6 best D/Ms.

Mixture distributions MWW/LS and MGG/LS are among the distributions giving the best fits

with respect to box plots of statistics. For instance, MWWI/LS is the best overall model according
to RZ and KS. MWWI/LS performs very well for most stations with respect to »°. However,

the box plot for MWWI/LS reveals the presence of an outlier (Madinat Zayed) for this statistic.

MWWI/LS gives generally better fits than MGG/LS according to every statistic.

Results in Table 5 show that, according to In L, MWWI/LS is not within the best 6 D/Ms for 3

stations. MWWI/LS is ranked first for 5 stations based on R/, . Based on RZ, , MWWI/LS is the

QQ !’
best D/M for 3 stations but is not ranked within the best 6 D/Ms for 3 other stations. Based on
72, MWWILS is the best parametric model for 4 stations. Based on KS, it is ranked first for 4

stations and is ranked second otherwise.

According to In L, R?, Réo and KS, the non-parametric model KE generally does not provide

PP ?
improved fits compared to parametric models. However, based on »°, KE is the best distribution

followed closely by MWWI/LS. Both pdfs are ranked first at 3 stations each. As y° puts more

weight on class intervals with lower frequency, it could be hypothesized that KE models better

the upper tail of wind speed distributions than other pdfs.

Figure 6 illustrates the frequency histograms and normal probability plots of the wind speed of
each station. The pdfs of W2/MM, KAP/LM, MWW/LS and KE are superimposed over these
plots. These D/Ms are selected to represent the one-component parametric, the mixture and the

non-parametric models. KAP/LM is selected among one-component parametric distributions
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because it has been shown to lead to the overall best performances for the 7 stations. The W2 is
included for comparison purposes since it is commonly accepted for wind speed modeling. It can
be noticed that KAP/LM shows considerably more flexibility for Masdar City and Sir Bani Yas
Island. The W2 is generally not suitable. For instance, it overestimates wind speed frequencies
for bins of median wind speed for Al Aradh and Sir Bani Yas Island and underestimates them for
East of Jebel Haffet and Madinat Zayed. Histograms of Al Aradh, Masdar City and Sir Bani Yas
Island show clearly the presence of a bimodal regime. In these cases, the more flexible models
MWWI/LS and KE show a clear advantage. MWW/LS is the most flexible distribution and it is
particularly efficient to model the histograms of Masdar City and Sir Bani Yas Island. For a
station presenting a strong unimodal regime, like Al Mirfa, the fits given by the different models

are all similar.

4.3 Stations at different heights

Table 6 presents the goodness-of-fit statistics obtained with each D/M at each height for the
station of Al Hala and the Masdar Wind Station. The values of the statistics are presented with
box plots in Figures 7 and 8 for the station of Al Hala and the Masdar Wind Station respectively.

Tables 7 and 8 list the 6 best D/Ms based on every statistic for each station respectively.

Performances of one-component parametric models are first evaluated. Box plots reveal that for
Al Hala, very good fits and small variances of the statistics are obtained for the majority of
distributions. The small variance indicates a slight variation of the wind speed distribution
between the heights of 40 m and 80 m. The W2 is one of the distributions giving the best
statistics. For the Masdar Wind Station, the variance of the various statistics is higher. KAP/LM

is by far the best D/M for every statistic.
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Analysis of Table 7 reveals that, for the Al Hala station, W3/ML followed by GG/ML are the
best D/Ms at every height according to In L. P3/MM is the best D/M at 40 m and 60 m height,

and W2/ML is the best D/M at 80 m based on R7,. GG/MM followed by GG/ML and W3/ML
give the best fits with respect to RéQ . GG/ML at 40 m and 60 m, and W3/ML at 80 m give the

best fit with respect to »°. P3/MM is the best D/M at 40 m and 80 m, and LN3/MM is the best

D/M at 60 m based on KS. For the Masdar Wind Station, analysis of Table 8 reveals that KAP

generally represents the best parametric distribution. KAP/ML is the best D/M at three heights

according to In L. KAP/LM is the best D/M at every height based on RZ, and KS, and at three

heights based on y*. Based on RQZQ , KAP/LM is ranked first at the 10 m and 30 m, and

KAP/ML is ranked first at the 40 m heights.

Box plots reveal that mixture models give the overall best fits at both stations. MWWI/LS is
generally better than MGG/LS. The variance of the boxplots of RQZQ for MGG is very high for

Al Hala. It is caused by a less accurate fit only at 40 m. Mixture models are superior to KE. In
the case of Al Hala, the improvement obtained with mixture models is not very high. For Masdar
Wind Station, a flexible model, such as a mixture model, is required. KAP is the only one-

component parametric distribution which can model the data.

Figures 9 and 10 present frequency histograms and normal probability plots of wind speed for
each height at the station of Al Hala and the Masdar Wind Station respectively. The pdfs of
W2/MM, KAP/LM, MWW/LS and KE are superimposed in these plots. Histogram shapes show
that all the empirical distributions at Al Hala are unimodal and do not change with height. This

explains the small variance in statistics. For Al Hala station, each selected D/M gives
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approximately the same fit for all 3 heights. Relatively little change is observed from one height
to another. In that case, flexible models do not provide any advantages. For the Masdar Wind
Station, bimodal shapes are observed at lower heights and become unimodal at higher heights. At
lower altitudes, the more flexible model MWWI/LS and KE clearly show an advantage while at

50 m, all models provide equivalent fits.

5 Conclusions

The W2 distribution has been frequently suggested for the characterization of short term wind
speed data in a large number of regions in the world. In this study, 11 one-component pdfs, 2
two-component mixture pdfs and the kernel density pdf were fitted to hourly average wind speed
series from 9 meteorological stations located in the UAE. This region is characterized by a
severe lack of studies focusing on the assessment of wind speed characteristics and distributions.
For each pdf, one or more estimation methods were used to estimate the parameters of the
distribution. Different goodness-of-fit measurements have been used to evaluate the suitability of

pdfs over wind speed data.

Overall, mixture distributions are generally the best pdfs according to every statistic. MWW is
more suitable than MGG most of the time. The non-parametric KE method does not generally
lead to best performances. Results show also clearly that one-component pdfs are not suitable for
modeling distributions presenting bimodal regimes. In this case, mixture distributions should be

employed.

Overall, and for all stations and heights, the best one-component pdfs are KAP and GG. W2 is
the best 2-parameter distribution and performs better than some 3-parameter distributions such as

the GEV and LN3.
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Nomenclature

Cv
Cs
Ck

cdf

D/M

EV1
f,0)

()

T

FQO

F*()

GEV
GG
GMM

K()

KAP

coefficient of variation
coefficient of skewness
coefficient of kurtosis
cumulative distribution function
Chi-square test statistic

distribution/method

Gumbel or extreme value type I distribution

A

probability density function with estimated parameters &

estimated probability density function

empirical probability for the i wind speed observation

estimated cumulative probability for the i observation obtained with the theoretical cdf
cumulative distribution function

inverse of a given cumulative distribution function

Gamma distribution

generalized extreme value distribution
generalized Gamma distribution
generalized method of moment

kernel function

Kappa distribution
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467

468
469

470
471

472

473
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475

KE

KS

LN2

LN3

MGG

ML

MM

MWW

RAY

rmse

Kernel density distribution

Kolmogorov-Smirnov test statistic

2-parameter Lognormal distribution

3-parameter Lognormal distribution

mixture of two Gamma pdfs

maximum likelihood

method of moments

mixture of two 2-parameter Weibull pdfs

number of wind speed observations in a series of wind speed observations
number of bins in a histogram of wind speed data
Pearson type 111 distribution

probability density function

coefficient of determination

coefficient of determination giving the degree of fit between the theoretical cdf and the

empirical cumulative probabilities of wind speed data.

coefficient of determination giving the degree of fit between the theoretical wind speed

quantiles and the wind speed data.
Rayleigh distribution
root mean square error

the i observation of the wind speed series

predicted wind speed for the i observation
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479

480

W2 2-parameter Weibull distribution
W3 3-parameter Weibull distribution

WMM weighted method of moments
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