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Abstract

Feasibility of wind-farm projects emphasizes the need for a timely evaluation of the site-specific
wind potential (i.e., the electrical power production from wind sources) because, unfortunately,
it is usually hampered by the need for long-term anemometric sampling. In contrast, short-term
(i.e., less than one year’s worth of) data may not contain enough information if collected when
the wind is not blowing from the prevailing direction(s). From a technological point of view, wind
turbine performances drops down when they work one in trail of another, then wind direction plays
a strategic role since it determines the optimal wind-farm layout design. By means of a real-case
study, a Bayesian approach is proposed and shown to be capable of enhancing the annual wind
rose prediction at the given candidate site by integrating the short-term sample data with both
historical information (from a neighboring survey station) and expert opinion. Predictive wind
direction and speed distributions are obtained marginally at first. Then, the predictive wind rose
is derived by non-parametric modeling of the dependency between wind speed and direction based
on the short-term data collected at the candidate site.

Keywords: wind rose, site-specific prediction, short-term data, Bayesian approach, wind speed

and direction joint distribution.

1. Introduction

In the last decade, wind energy has proven to be one of the most competitive and fastest
growing sources of renewable energy. Such growth is driven by the wider context of energy supply

and demand, the rising profile of environmental issues, and the impressive improvements in the
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technology itself. These factors have combined in many regions of the world to encourage political
support for industry development. Wind energy can be considered as a significant contribution
to the electric generation [I, 2, B]. However, the growth of new wind projects is hampered by
the need for site-specific wind potential (i.e., the electrical power production from wind source)
evaluation and thus, for long measurement duration to achieve satisfactory accuracy [4} Bl [6] [7], 8]
in the characterization of areas that are potentially suitable for development. The most complete
and practical characterization of a wind site is usually based on the prediction of its annual wind
rose, which is employed by meteorologists as a graphical tool to summarize both wind direction
and speed probability distribution at a given location. The annual wind rose can be regarded as
the combination of (i) a directional rose, which is an angular histogram of wind direction that
contains only the information on the relative frequency of wind blowing from a certain direction
sector, and (ii) a graphical representation (e.g., through greyscale shades) of the wind speed relative
frequencies for each given direction sector (see e.g., [9]). The number of sectors of a wind rose, in
which the compass is split up, is usually arbitrarily chosen and set as 8 or 12. Hereinafter we
will always refer, without loss of generality, to an 8-sector wind rose. In view of these arguments,
proper statistical modelling techniques are called for aiding the site-specific wind evaluation and
its uncertainty quantification. Regarding the statistical modelling of the wind speed probability
distribution at a given location, the two-parameter Weibull distribution is still the most widely
adopted and generally accepted [I10, [I1]. This is also confirmed by site-specific studies for wind
potential assessment in many locations in Italy [I2] and all around the world [I3] 14} I5]. Romero
[16], Carta et al. [I7] and Ylmaz and Celik [I8] performed comparative analysis between the two-
parameter Weibull distribution and alternative distribution or mixture of finite distribution models
for wind speed in order to trade off simplicity versus accuracy. According to them, the Weibull
model presents a series of advantages and in fact it has been used to model wind speed distribution
in recent studies [19] 20} 21, 22} 23] as well as in this paper. The Weibull model is also implemented
in most commercial wind software/packages (e.g., WAsP®, WindPro®).

Admittedly, for completeness, it has to be mentioned that the two-parameter Weibull model
is not able to represent all the wind regimes encountered in nature [I7] and new alternatives are
still being proposed in the literature. The use of hybrid probability density functions are in fact
recommended by Takle and Brown [24], Tuller and Brett [25], Nfaoui et al. [26], Persaud et al.
[27], Merzouk [28], Castino et al. [29]. Despite the complexity of those methods, Tuller and Brett
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[25], by analyzing the data collected at seven wind sites on the British Columbia coast, indicated
that hybrid distributions may still produce a worse fit than the Weibull distribution. Similarly,
the three-parameter Weibull distribution, which has been proposed by Van der Auwera et al. [30]
and Xiao et al [3T]in the wind energy context, trivially fits the data better than the two-parameter
Weibull one, but introduces complications in the estimation of the extra (location) parameter and
may produce unrealistic physical interpretation of the latter.

In most of the studies presented in the literature on renewable energy sources, graphical methods
[32, 133, 6], the maximum likelihood (ML) method [30} 4}, 34, [17] and moment methods [35] [30} 36, 37]
are commonly used to estimate Weibull distribution parameters. Chi and Li [38] performed a
comparison of seven different estimation algorithms, namely, weighted least squares in the log
domain, ML, least squares, weighted least squares, adjustable weighted least squares, L1 norm, and
least wind speed squares algorithms, and concluded that their performances are quite comparable.
In this work, the ML method is used as the reference method, because it provides consistent
estimators that are asymptotically unbiased.

It is worth noting that papers that introduce alternative estimation methods are not very nu-
merous in the renewable energy literature [39] 40, [41] [42], and no single forecasting algorithm can
guarantee the best accuracy in all cases [43]. This is due to the fact that wind speed distribution
can be possibly direction and season dependent and influenced by factors that cannot be controlled.
For example, the Weibull distribution, which can satisfactorily model the hourly wind speed, may
fail if one wants to use it at a given season or direction by only changing its parameters.

Among alternative methods, Bayesian inference methods are known not only to elaborate on
the information contained in the observed data, which is in fact regarded as fixed, but to be capable
also of incorporating experts’ knowledge prior to observing the data and thus of speeding-up (i.e.,
reduce the uncertainty of) decisions based on short-term data. Any Bayesian approach can be
generally comprised of three main steps: (i) describe the the data, by assuming a random model
with unknown parameters; (ii) set the prior distribution to quantitatively express what is known
about the parameters prior to observing the data; (iii) apply Bayes’ theorem [44] to express what is
known about parameters after observing the data. However, Bayes methods may add difficulties in
the mathematical tractability of the estimators, which often need the use of Markov Chain Monte
Carlo (MCMC) simulation techniques [45], 46, 47, 48].

Another main point of discussion is that wind-farm economic profitability is strongly influenced



70

75

80

85

90

95

not only by the wind speed distribution needed to define the turbine type to be installed, but
also by its direction, which represents a dominant parameter in the wind-farm layout design. The
joint distribution of wind speed and direction is in fact strictly needed to optimize the location of
turbines on a given area as pointed out by many authors who give a clear idea of the influence of
the direction on the wind speed distribution [49, 50, BI]. In what follows we provide the reader
with specific references that map the more relevant proposals for the joint modelling of wind speed
and direction. In this regard, it is worth mentioning Erdem et al. [52] who presents seven different
bivariate joint distributions based on three approaches: angular-linear, Farlie-Gumbel-Morgenstern
and anisotropic lognormal. Carta et al. [53] exploited a singly truncated-from-below Normal-
Weibull mixture distribution for the wind speed marginal distribution and a finite mixture of von
Mises distributions for the wind direction marginal distribution. Torres et al. [54] divided wind data
by direction in 8 sectors and for each one determined the best-fitting Weibull distribution, and found
that Weibull parameters strongly depend on the considered direction. Zhang et al. [55] developed
a new distribution, called Multivariate and Multimodal Wind Distribution, to determine the joint
distribution of wind speed, wind direction and air density. Note that the latter is not considered in
the present work. McWilliams and Sprevak [56] used a stationary Gaussian process to generate the
time series of both wind speed and direction. Dobigeon and Tourneret [57] detected changes in wind
speed and direction time series using a hierarchical Bayesian model that accounts for correlations
between them by exploiting prior distributions with various degrees of certainty. Feng and Sheng
[58] proposed a method to construct joint distributions of wind speed and direction based on sector-
wise Weibull parameters and interpolations between direction sectors. Sloughter et al. [59] provided
probabilistic forecasts of wind vectors via the Bayesian Model Averaging methodology.

In this context, the present paper proposes a Bayesian approach to model both wind direction
and speed data as well as to predict the annual wind rose, that, by means of a real-case study, is
shown to be capable of enhancing the annual wind rose prediction at the given candidate site by
integrating the short-term sample data with both historical information (from a neighboring survey
station) and expert opinion, which may be based e.g., on known physical laws.

The remainder of the paper is as follows. In Section [2] and [3] the Bayesian approach is applied
to model wind direction data and speed, respectively. Then, in Section [] the predictive wind
rose, representing the wind direction and speed joint distribution, is obtained by means of non-

parametric modeling of the dependency between wind speed and direction based on the short-term
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data collected at the candidate site. Finally, in Section [5] the proposed procedure is illustrated by
means of real sampling data collected from a southern Italian site and a novel engineering index is
proposed to evaluate the predictive ability of the estimation approach. Section [6] closes the paper

by summarizing the main findings and conclusions achieved.

2. Wind direction parameter estimation

In this Section, the objective is to specialize steps (i), (ii), and (iii), outlined in the Introduction,
for the Bayesian approach proposed to model wind direction. The idea is to elicit prior information
for the candidate site through historical data that are assumed available at a neighboring survey
station. Before doing this, we introduce in Section [2.1] a spatial adjustment based on the circular-
circular regression model presented in [60] in order to empirically overcome the possibly spatial
non-homogeneity due e.g., to the different morphology with respect to the candidate site or Ekman
effect on wind direction. Then, in Section the Bayesian estimation procedure to model wind
direction is fully presented as well as a seasonal adjustment that accounts for any seasonal bias in

the short-term data collected at the candidate site.

2.1. Angular-angular association and spatial adjustment

The wind direction sample collected at the candidate site, denoted by ¢ = (¢1,...,d,), has
been hereinafter referred to as short-term sample and contains, e.g., one month’s worth of data. It
is assumed being simultaneously collected with that at the neighboring survey station, denoted by
6 = (01,...,0,). The period in which simultaneous data are available from the candidate site and
neighboring survey station is hereinafter referred to as updating period.

Firstly, the angular-angular association between neighbouring survey station and the candidate

site is obtained by means of the following circular-circular regression defined in [60] as follows

cos¢p =1y + Acos6 + Bsinf + ¢ )
sing = Iy + Ccosf+ Dsinf + eq
where (e1,€2) is the error vector with zero mean and unknown dispersion matrix. Parameters I7,

I, A, B, C, and D are then estimated based on least-squares minimization. The estimates will be

denoted by putting a hat (7) on the corresponding symbol.
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Then, let us denote by 6, the historical wind direction data available at the neighboring
survey station (in the period before the updating period). As opposed to the short-term sample ¢,
the latter is referred to as long-term sample and is supposed to contain one or more years’ worth
of data. The angular-angular association in Equation is then used to obtain the spatially-

BSPA

adjusted sample 6,., used for the elicitation of the prior distribution, by converting 8},s; through

the following transformation

cos 05&‘? =1 + AcosOpis + Bsin Oy @

_ W o~ A o
sin 05& = Iy + Ccos Op;st + D sin Oy;st

The converted sample 05&,‘? will be used to elicit the parameters of the distribution encoding the

prior information on wind direction.

2.2. Bayesian estimation procedure for wind direction modeling
In order to model the wind direction, which is assumed to take values within the range [0; 360°],
let the compass be uniformly divided into m angular sectors and let the j-th angular sector (j =
1,...,m) be defined as [07_;;07[, where 67 = (2j — 1)180°/m and 6}, = 65. Then, let X; be
the random variable that counts the number of observations falling into the j-th angular sector
( =1,...,m) and let p; be the probability of each directional datum to fall into that sector. If
observations are regarded as independent and identically distributed samples from a multivariate
Bernoulli distribution, the multinomial distribution can be assumed for the joint distribution of the
X, whose probability mass function is
(Z;nzl z)!

p p;rrm Whenx.e[o’”"‘r}
P(zy,...,zy) = 1l T 1 : : .y

0 otherwise
where p; is the probability of each data point to fall into the j-th angular sector, x; denotes the
number of observations falling into the j-th angular sector. The distribution in Equation is then

assumed as the data model.

2.2.1. Likelthood function
After converting the short-term sample ¢ into the vector & = (x1, . .., x,,) the likelihood function

follows directly from Equation , and can be written as

L(plz) = P(z1,...,Zm|p1,- -, pm) X pT* - ppi. (4)
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The observed fraction of data points falling in sector j =1,...,m is

—~ ZTj
Dj¢ = ;] (5)

and represents the ML estimate.

2.2.2. Seasonal adjustment

The challenge of this paper is to predict the annual wind rose at the given candidate site from
the short-term sample, collected during the updating period, which is defined at the beginning of
Section [2.1] and is in general short and less one year.

This means that the estimate D; ¢ in Equation ({5)), based on short-term data collected at the
candidate site, can be biased by the period of observation (i.e., the updating period). Then, we

name seasonally-adjusted the estimates of the p;’s obtained by the following formula

’\5:9(;14) — m|—CJ'$jJ (6)
Z [cjx;]

where the symbol [-| denotes the rounding to the nearest integer. The x;’s are based on the short-
term data ¢ collected at the candidate site; whereas, the coefficients c;’s are estimated as the ratio
of pje,... and p; ¢ obtained through Equation from the long-term sample 05, and the sample
6 (collected during the updating period) at the neighboring survey station, respectively.

2.2.3. Prior distribution

As previously stated, we want to deduce prior information for the candidate site by means
of long-term wind direction data collected at a neighboring historical survey station. Under the
assumption of multinomial distribution, prior information has to be converted into the prior dis-
tribution of the parameters p; (j = 1,---,m). As the multinomial likelihood (Equation (4)) is
a member of the exponential family, then, as natural conjugate family, the Dirichlet distribution
D(ay,...,an) is the chosen prior distribution. The joint probability density function (pdf) of
P1,--.,Pm can be then written as

Foreee o) = oy 110 (7)

Aly-eeyQm)



150

155

160

where B(a) = B(ai,...,a) is the generalized Beta function [44]. The parameters a;’s can be
empirically elicited as follows

a; = p20j (8)
where o0; denotes the number of observations 05&‘? (obtained from Equation ) falling into sector
Jj during the same period (e.g., one month) of the short-term sample. For clarity of notation, the
angular sectors at the neighboring survey station are indexed throughout the paper by the letter k,
whereas the letter j remains the index of the angular sectors at the candidate site. The parameter p
is obtained as in [61], with reference to the circular-circular regression in Equation . It is usually
referred to as concentration parameter and can be regarded as the analogous of the correlation
coefficient between two (non-angular) random variables. The higher the concentration parameter
p, the more the strength of the prior information.

The a priori expected value of p; has the following expression

~ Qj
Pjprior = Elpj] = =~ (9)

>4
j=1

which represents the prior estimate of the probability of each data point falling into the j-th angular

sector during the updating period.

2.2.4. Posterior distribution
Given the multinomial Likelihood (Equation ) and the Dirichlet prior distribution (Equa-
tion )7 the posterior distribution can be readily found as D(a; + x1,. .., Gm + X)), with pdf

1 i aj+[cjz;|—1
yeesPm) = 7 7 . 10
s Pm) Blai + 121, .-y G + Cn@m) j:rllpj (10)

Then, the Bayesian estimates of the wind direction parameters p;’s can be written as

aj + [cjz;]

ﬁj,postem’or = E[pj|¢] = m (11)

— .
> aj+ ) lejag]
j=1 j=1

It should be noted that the posterior mean of p; is the weighted average of the prior distribution
mean a;/Y 7", a; and the ML estimate [cjz;] /> 7% [cjo;] with weights 377, aj and 3770, [eja;].
The weights reflect strength of information contained in the likelihood and the prior, respectively.

The strength of posterior information is now represented by >, a; + 37", [ejz;] [44].
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3. Wind speed parameter estimation

As explained in the introduction, the Weibull distribution with two parameters « (scale) and

(shape) is used to model the wind speed, whose pdf is
fw(w) = Ba w texp[—(w/a)’] (12)
with w > 0, o, 8 > 0, and whose expected value is
pw = E(W) = al'(1+1/8) (13)

where I'(+) is the Euler Gamma function.

The approach proposed in Erto et al. [45] was developed to obtain the marginal predictive
distribution of the wind speed. Accordingly, a uniform distribution is adopted as prior distribu-
tion of the shape parameter, whereas a transformed normal distribution is adopted for the prior
distribution of the scale parameter, conditional on the shape parameter. As before, the idea is to
utilize information from the neighboring survey station as prior information, after addressing the

following main issues in the data collection:

o spatial distance between neighboring survey station and candidate site: the measurements
at the neighbouring station need to be rescaled so that they have the same average of the

measurements at the candidate site;

o seasonality: data collected at the candidate site are affected by the period when the anemo-

metric campaign is performed;

e autocorrelation: as any natural phenomenon, hourly mean wind speed measurements are in-
trinsically highly autocorrelated; this affects data from both sites and violates the assumption

of stochastic independence. More details on this issue are given after Equation .

To address these issues, in Section and [3:3] a spatial adjustment, a seasonal scale transfor-
mation and a de-autocorrelation filter of the data are proposed, respectively. Then, in Section
the wind speed parameters are estimated by integrating expert opinion and long-term data from

the neighboring survey station into the short-term sample from the candidate site.
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8.1. Spatial adjustment

In order to adjust the information from the neighboring survey station, we use simultaneous
data, collected during the updating period at both the candidate site and the neighboring survey
station, to drive the spatial association of the historical and candidate sites. Then, let us denote
by w = (wy,...,w,) and v = (v1,...,v,) the simultaneous wind speed observations from the
candidate site and the neighboring survey station, respectively. To obtain a spatially-adjusted
sample, vé‘jﬁA), from the long-term wind speed data collected at the neighboring survey station,
Vpist, we use the following transformation

SpA
vi(zift ) = KopatiatVnist (14)

where kgpatiq is estimated as

o~

kspatial =

SRS

with w and v denoting the average of w and v, respectively.

It is important to emphasize that the transformation in Equation does not conflict with the
Weibull model assumption, because of the scaling property of the Weibull distribution. The implicit
assumption of common [ between two close areas is generally plausible and it will be discussed in
Section [3.4.1] in more detail. Moreover, it is worth noting that, in many practical cases, wind speed
measurements may be collected at different heights (e.g., at the neighboring survey station and
the candidate site) and thus, one may need to standardize them at the same (or at conventional)
height. The conventional height is 10 m. This is commonly done by means of the well-known log
wind profile relationship used to describe the vertical distribution of horizontal mean wind speeds

In((z2 —d)/z0)
In((21 —d)/20)

where w(z) is the mean wind speed calculated from data collected at height z, zo is the surface

'IIJ(ZQ) = ’lj}(zl) (16)

roughness, and d is the zero-plane displacement [62]. From this Equation, it is evident that the
factor % is independent of w(z;) and thus, because of the Weibull scaling property, the
proposed spatial adjustment (as well as the following seasonal adjustment) does not conflict with

the log wind profile.

10
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8.2. Seasonal adjustment

By elaborating on the idea explained in [45], a seasonally-adjusted wind speed sample, w(8eA)

can be obtained through the following transformation of the vector w
w(SeA) = kseasonalw~ (]-7)

An estimate of the coefficient k£ can be obtained as

7 _ Uhist
seasonal — T —

(18)

where Up;s; denote the average of vp;s:. Again, note that the transformation Equation does
not conflict with the Weibull model assumption. The implicit assumption of common 3 in each
month is generally plausible too, as it is supported by the seasonal analysis of [6] and several case

studies [63].

3.3. Data autocorrelation filter

Hourly mean wind speed measurements are generally autocorrelated. Although the use of such
measurements has no relevant effect on the ML estimate of the distribution parameters (as shown in
[64]), the use of an effective number of non-autocorrelated observations ny, is crucial in determining
the efficiency of such estimators as well as in calibrating the strength of the sample and the prior
information in Bayesian estimation procedures.

Thus, the filtering algorithm explained in [45] is used to reduce the sample dimension by ap-
propriately removing n — nj, measurements and thus, to obtain a (filtered and seasonally-adjusted)
subsample w that can be somehow considered as containing the effective independent experimental
information. The filtering strategy basically stops when the Ljung-Box test statistic does not reject

the hypothesis that the data are independently distributed, with given false alarm risk a = 0.05.

8.4. Bayesian estimation procedure for wind speed modeling

As anticipated, the Weibull distribution with two parameters a (scale) and S (shape) is adopted
in order to model wind speed W. Thus, by accounting for left censoring of the data because of

the presence of an offset value w. in the data acquisition system, the likelihood function can be

11
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formulated as follows

L(e, Blw) = [1 = Fw(wo)]"™ [[ fw(we) = {1 - exp[~(wc/a)’]}" -

i=n.+1
Nh MNh
(B/a)"eexp {— > (w(i)/a)ﬁl} 1T we/e) 19
1=n.+1 1=n.+1
where w(;) is the i-th ordered observation from the filtered sample w = (w(1y, ..., W, )5 - - Winy,))

and n. is the number of censored observations. This function (or more efficiently its natural
logarithm) can be numerically maximized with respect to o and 8 in order to get the ML estimates
a and B of the parameters ap;r, and Bar.

Then, from Equation the ML estimate of the expected value of Weibull is obtained as
EML(W) = appI(1 + 1/B\ML). Wind speed data to be utilized in Equation refer to the
de-autocorrelated and the seasonally-adjusted sample wp, obtained as in Section [3.1] and [3-3]

respectively.

8.4.1. Prior distribution

The Weibull parameter estimation suggested in this paper is inspired by the practical approach
proposed in the reliability context [65]. This approach requires the specification of only those
hyperparameters in which the experts’ opinion (from both technical knowledge and experience) can
be really embedded. As in [45], this prior distribution elicitation starts from the shape parameter 3
that in expert opinion is generally known not to vary considerably [I0]. A usually narrow interval
(81, B2) of possible values is thus easy to define, depending upon the knowledge of the considered
geographic area. In this respect, the classical regional frequency analysis [66] can support the
elicitation of prior distribution from a number of measuring sites and to accept the assumption of
spatial homogeneity of the distribution family.

A uniform pdf over (81, B2) is then assumed

1

T e (20)

0 elsewhere

In order to define the prior distribution for the scale parameter «, let us consider the expected

value E(-) of a Weibull random variable W Equation and its sample mean estimator

1 &
W=— W;. 21
”;—1 (21)

12
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From Equation , we set the conditional distribution for the parameter « for any fixed 3 as
a=W[Ira+1/8)]". (22)

The sample mean W is assumed as normally distributed in accordance with the central limit
theorem, and [[(1 +1/8)] " is a constant,.
Therefore, by applying the transformation in Equation , the pdf for «|f follows [44]

faipalB) =

r(1+1/5)exp{1 (af(1+1/5)ﬂ>2} -

V2o 2 o

where p and o are the mean value and standard deviation of the sample mean estimator of the

wind speed. The latter can be empirically estimated from the de-autocorrelated sample from the

neighboring survey station, denoted by Whist = (W1 hist, - - - Wny, pise ), as follows
R B 1 Nh hist )
L=w= E Wi hist (24)
Nh,hist 1
~ T sampl
o = , | Z2ampe (25)
Nh, hist

Strictly speaking, Equation is nonzero also for a < 0. Fortunately, in the majority of applica-
tions (which usually involve windy areas) p and o are such that the probability of negative values
for « is negligible.

The joint pdf of a and B, fap(c,3), can be then obtained as the product of the pdf of 8 and
the pdf of |8

fap(e, B) = f5(B)farp(alB) (26)

and constitutes the prior distribution for the wind speed parameter in the proposed Bayesian

estimation procedure.

13



3.4.2. Posterior distribution
By combining the joint prior pdf of the wind speed parameters in Equation with the
likelihood of the censored sample in Equation (19)), the joint posterior pdf is given by

L(a, Blw) fap(a, B)
ﬂ-( 35| ) - - _
o /5312 o7 Loy, Blw) fas (e, B)dadp

(27)
L@ Blw)fus@l8)f5(8)
2L L(a, Blw) fays(alB) f5(B)dad
25 As is known, the larger the (supposedly random) sample, the more reliable the estimates of the

prior distribution parameters. In the case of an autocorrelated sample, in order not to undermine

the approach, the sample size must be appropriately reduced by using the aforementioned filtering

algorithm. As a matter of fact, the size of the sample used in the likelihood function (reported

in the following Equation ) affects the joint posterior distribution (reported in Equation )

20 Intuitively, the larger the sample size, the more the prior information contained in fog(a, §) is
overwritten by the sample information contained in the likelihood function L(«, S|w).

The Bayesian estimators of o and 8 can be thus calculated from their marginal posterior dis-

tributions, 7(a|w) and 7 (8|w), deduced from Equation

B2
7r(a|w):/ (o, Blw)dp (28)

+oo
w(flw) = [ n(ofw)da. (29)

The outline of the proposed estimation procedure is given in Figure [T}

s 4. Non-parametric modeling of dependency between wind speed and direction

The information from the neighboring site has been used to enrich the observations at the
candidate site and derive the marginal distributions of the wind speed and wind direction. The
relationship between them can now be represented by any joint distribution with these marginals.
In order to avoid making unrealistic assumptions, we simply preserve the association possessed by

%0 the empirical data at the candidate site. In particular, consider the data collected at the candidate

site during the updating period. This data-set shall consist of pairs of wind direction and speed

14
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Figure 1: Proposed estimation procedure outline.

values, (¢;,w;), observed at consecutive times. Note that the independence assumption between
multivariate Bernoulli variables needed to build the multinomial distribution used to model the
wind direction in is not removed. Otherwise, we want here to preserve non-parametrically the
relationship between ¢ and w contained in the short-term bivariate sample at the candidate site
but updating the marginal distributions by the predictive distributions obtained from the Bayesian
approach explained in Section [2 and [3] for the wind direction and speed, respectively.

In order to do that, we firstly obtain uniform pseudo-observations (ug,, ;) from the n obser-

vations (¢;, w;) as

T, Taw, .
u¢":nil and uwi:nil’ i=1,---.n (30)

with r¢, and r,, denoting the rank of ¢; and w; in the samples ¢ and w, respectively.

Then, ug, and u,,, are transformed through the respective inverse of the predictive cumulative
distribution function (cdf) of ¢ and w, in order to obtain the data to be plotted in the predictive
wind rose. The latter eventually represents the wanted prediction of the annual joint distribution

of wind speed and direction.

15
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5. Real-case study

The outlined procedure is illustrated by means of real sampling data collected from a southern
Italian site located on the border between Puglia and Campania. The data are acquired through a
rotating cup-type anemometer combined with a wind vane, which was placed at a height of 30 m
above ground level in order to avoid ground disturbances and has an offset speed value w, equal to
0.4m/s.

The anemometer campaign started in November 2016, at the candidate site. From December
2013 to November 2016, long-term data are available from a neighboring survey station. That
is, from November 2016 simultaneous data are available from both the candidate site and the
neighboring survey station. The two wind sites are hereinafter referred to also as NewStation and
OlderStation, respectively, for confidentiality and compactness. The analyzed data-sets consist in

hourly speed and direction averages obtained from 10-minute data.

5.1. Estimation of wind direction parameters

This section will numerically and graphically illustrate the estimation procedure previously
introduced in Section The partition of the compass into m = 8 angular sectors is reported in
Table 1

The simultaneous 10-minute angular data collected at NewStation versus those collected at
OlderStation are plotted in Figure [2 and graphically show a low correlation. Different directions at
measurement height may in fact occur even if the meso-scale wind is equal, due to Ekman effects
and differences in surface roughness. To practically solve this issue, we conjectured that the lower
the wind speed, the less the vanes of the anemometer ensure that they line up with the actual
wind direction. Therefore, if an angular association between NewStation and OlderStation exists,
it is invariant to the wind speed and may appear more clear at higher wind speeds. For this real-
case study, it is confirmed by Figure [3] that displays the same data of Figure 2] by filtering out
those having speed values below a threshold of 4 m/s and shows a drastically higher correlation.
Analytically, with reference to the circular-circular regression in Equation , we obtain p? = 0.69
for the data in Figure [2|and p? = 0.94 for the data in Figure[3| The threshold wind speed of 4 m /s
has been confirmed by domain experts to be also the minimum speed needed to activate turbines

of the type expected to be selected in this real-case study.
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Figure 2: Scatter plot of simultaneous wind direction measurements, ¢, collected at candidate site versus those, 0,

collected at neighboring survey station during November 2016).

Accordingly, by applying the spatial adjustment of Section to the long-term raw data (De-
cember 2013-November 2016) at OlderStation (Figure [4a)), we obtain the data to be used to set the
prior distribution, represented through the directional rose of Figure [Ib] Now the Bayesian estima-
tion procedure can start. The likelihood from the short-term sample at candidate site is displayed
in Figure |pal and seasonally adjusted as in Equation @ of Section through the coefficient
estimates reported in Table Then, it is combined with prior information as in Equation ,
in order to get the annual predictive distribution shown in Figure [5b] which is a plain graphical

representation of the p; posterior’s reported in the second column of Table

5.2. Estimation of wind speed parameters

As proposed in Section a spatial adjustment of speed values has to be suitably performed
by the coefficient values reported in Table [4] obtained as in Equation . Similarly, the sample is
seasonally-adjusted through the scale coefficients, estimated by Equation , reported in Table
Then, a de-autocorrelated sample is obtained by the filtering algorithm reported in Section [3.3
The effective sample size of the prior and likelihood subsamples are summarized in Table 5} As

discussed in Section the de-autocorrelated sample of prior data, wp;ss, iS combined with the
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Figure 3: Scatter plot of simultaneous wind direction measurements, ¢, collected at candidate site versus those, 6,

collected at neighboring survey station during November 2016 with speed larger than 4m/s.

k Sector 05 _1;6%]
1 North [337.5; 360[U[0; 22.5]
2 North-East [22.5;67.5]
3 East [67.5;112.5]
4 South-East [112.5;157.5]
5  South [157.5; 202.5]
6 South-West [202.5; 247 5]
7 West [247.5;292.5]
8  North-West [292.5; 337.5]
Table 1: Angular sectors in degrees.
¢ Ca C3 Cy Cs s Cr Cs
1.221 0.576 0.562 0.570 0.672 1.042 1.811 1.330

Table 2: Coefficients c;’s to be used in Equation (EI) for each sector j =1,...,m.
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Figure 4: Directional roses based on (a) long-term raw data (December 2013-November 2016) collected at Older-
Station and (b) the mean of wind direction prior distribution parameters (Equation @), obtained after the spatial

adjustment of OlderStation to align it with NewStation.

J  Djposterior  Dip  DiT

1 0.092 0.038 0.093
2 0.048 0.057 0.060
3 0.055 0.089 0.060
4 0.024 0.066 0.034
5 0.087 0.111  0.060
6 0.330 0.319 0.308
7 0.147 0.111 0.157
8 0.216 0.211 0.229

Table 3: Wind direction parameters indicating, for each sector j = 1, ... ,8, the probability that the wind blows from

that direction. p; posterior are obtained through the proposed Bayesian approach, 1/7},(1, are the ML estimates based
on short-term sample collected during November 2016 at NewStation, p; 7 are the TARGET obtained by unveiling

historical raw data at NewStation (December 2013-November 2016), which the previous estimates aim to.
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Figure 5: Annual Directional rose based on short-term data (November 2016) collected at New Station obtained

predicted through (a) the ML method (Equation ) and (b) the proposed Bayesian approach (Equation )

~

kspatial k

0.881 0.961

Table 4: Estimates of spatial association and seasonal scale coefficients for wind speed.

de-autocorrelated and seasonally-adjusted sample of likelihood data, wp, in order to obtain the
posterior distribution Equation 7 whose parameters are empirically estimated and reported in
Table [6] A plausible range for them can be appreciated from the posterior distributions, displayed
in Figure [6] The parameters in Table [f] are obtained by implementing an MCMC algorithm and
using the WinBUGS software [67]. For each sector three MCMC runs have been performed, each
for 10, 000 iterations; both convergence to stationary conditions and mixing of all three chains have
been visually tested by using the WinBUGS diagnostic tools. A graphical representation of the
wind speed predictive distribution is shown in Figure [7] which displays the histogram of a sample
of wind speeds from the MCMC run and a smoothed version of it. This distribution also embeds

the uncertainty in the estimation of the scale and shape parameters of the Weibull distribution.
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00 05 10 15 20 25 3.0

Likelihood data Prior data

N, Nhist 684 21727
Nh s N hist 171 1143

Table 5: Original and reduced size of the likelihood and prior samples.

Apost ﬁpost

6.078 1.584

Table 6: Estimates of wind speed posterior distribution parameters.

5.6

5.8

T T T T T T
6.0 6.2 6.4 12 14 1.6

(a) (b)

Figure 6: Estimated posterior distribution for (a) « and (b) 8.
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Figure 7: Histogram (grey bars) and kernel density estimation (thin line) of the wind speed predictive distribution.

The TARGET distribution is superimposed.
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Figure 8: Wind rose predicted through the proposed Bayesian approach.
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5.3. Results of the real-case study and validation of the method

As in Section [4, a wind rose representing the prediction of wind speed and direction joint
distribution has been obtained and reported in Figure [§] In order to evaluate the effectiveness of
the proposed approach, data collected at NewStation from the whole period 2013-2016 have been
unveiled raw at NewStation. These data have been used as validation set to determine targets
to aim at. The ML has been taken as reference method. Thus, the estimates obtained through
the proposed Bayesian approach are compared with the ML ones based on the short-term sample

collected at NewStation in November 2016 (updating period).

5.8.1. Wind direction prediction accuracy

By unveiling historical raw data collected at NewStation during the whole period from December
2013 through November 2016 (which is used as validation/hold-out set [68]) we get the ML estimates,
denoted by p; 7, that are reported in the fourth column of Table [3| and used to represent the
TARGET wind rose. Whereas, ML estimates of wind direction parameters obtained using the
short-term sample collected during the updating period (November 2016) are denoted by pj ¢ and
reported in the third column of Table |3)) and used to draw the wind rose in Figure Then, for
each sector j, the second column of Table |Z| reports the absolute difference with respect to p; r
of the estimates, Dj posterior, given by Equation ; whereas, for comparison purposes, the third
column of the same table reports the absolute differences |p; 4 — pjr|. The lower this absolute
difference, the lower the prediction error of the proposed estimate at each sector j. From Table[7] it
is clear that the Bayesian approach makes a smaller error in the prediction of p; than the classical

ML method applied to the short-term sample in all sectors, but in sector j = 6 (south-west).

5.3.2. Wind power density prediction error
The following index, named Power Density Prediction Error (PDPE), is introduced to compare
the accuracy of the power density prediction achieved by competing methods. It is defined, for the

proposed Bayesian approach as follows
oo
PDPE= [ u®|fu(wlw) - fivy(w)] du (31)
0

where fy(w|w) is the wind speed predictive distribution, which follows from the Bayesian esti-
mation procedure, and fyw,.(w) is the wind speed TARGET empirical pdf obtained by unveiling
historical raw data from December 2013 through November 2016.
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J  |Djposterior —PjiT|  |Pjé — PjT
1 1.75-10—4 5.45 - 1072
2 1.18-10—2 2.68 - 1073
3 4.91-1073 2.88 102
4 1.01-10—2 3.20- 1072
5 2.74 .10~ 2 5.01-1072
6 2.23.1072 1.06 - 10— 2
7 9.60-103 4.59 - 102
8 1.31-1072 1.85- 1072

Table 7: Summary of the absolute prediction errors of wind direction parameter estimates @,posterior (Equation lh
and }/7}’4, (Equation ), based on the estimates reported in Table Highlighted in bold the lower (the better) error

value for each sector.

PDPE PDPEyr,
21.06 38.75

Table 8: PDPE comparison between the proposed approach and the ML method. Highlighted in bold the lower (the

better) value.

By the PDPE index, we mean to compare the wind power density in an open air stream that
is known to be proportional to the third power of the wind speed. It is obtained as the total
wind energy flowing through an imaginary surface per unit of time and area, see e.g., [69]. This
concept does not directly involve the power curve of the candidate turbine to be selected and shall
be regarded for comparison purposes, only. Similarly as before, the quantity in Equation is
compared with that achieved by the ML estimate and defined as

POPEuL= [0 v (0)  fvn ()] o (32)

where fy,,, (w) is the wind speed pdf estimated through the ML method based on the short-term
sample collected at NewStation during November 2016 (updating period). The indices PDPFE and
PDPEy;, of Equation and Equation have been evaluated numerically and reported in
Table

24



e
40%

35%
30% WIND SPEED (ms™)

25%

11.1t0 25.95
20%

15%
8.8t011.1

5.7t08.8

361t05.7

21t03.6

Oto2.1

Figure 9: TARGET wind rose obtained by unveiling historical raw data at NewStation (December 2013-November
2016).
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Figure 10: Wind rose based on short-term data collected at NewStation during November 2016 predicted through
the ML method.
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6. Conclusions

A new statistical approach for site-specific wind potential evaluation has been proposed within
the Bayesian framework to mitigate the need for long-term measurements. This has been possible
by the integration of prior information and/or historical data from one neighbouring survey station,
generally available, with short-term data from a candidate site. The site-specific characterization
has been particularly focused on the prediction of the annual joint distribution of wind speed and
direction that is practically visualized through the annual wind rose. By means of a real-case
study in a southern Italian site, the approach has been demonstrated to achieve higher predictive
performance over the classical maximum likelihood estimation method based on the short-term
sample, only, and thus, to give crucial advantages to wind-farm project developers. In particular,
the accuracy of the proposed method in predicting the wind direction is evaluated by the deviation
of the estimated probability of each data point falling into each sector to the target, established by
a test set obtained by unveiling almost three years’ worth of historical data raw data at NewStation.
Moreover, a novel index is introduced and confirm the higher accuracy of the proposed approach
also in predicting the wind power density in an open air stream, which is known to be proportional
to the third power of the wind speed and not to be related to the power curve of the candidate
turbine to be selected. Those results summarizes the better performance of the proposed Bayesian
approach in predicting the annual wind rose, especially at high values of wind speed that are
essential in establishing the wind-farm project feasibility. As a future research path, the proposed
approach may be generalized to the case of multiple historical survey stations. However, this is
not trivial and deserves the definition of a opportune spatial homogeneity measure between survey

stations and the candidate site in order to properly weight multiple forecasts.
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