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a b s t r a c t

Due to the interannual variability of wind speed a feasibility analysis for the installation of a Wind Energy
Conversion System at a particular site requires estimation of the long-term mean wind turbine energy
output. A method is proposed in this paper which, based on probabilistic Bayesian networks (BNs),
enables estimation of the long-term mean wind speed histogram for a site where few measurements
of the wind resource are available. For this purpose, the proposed method allows the use of multiple ref-
erence stations with a long history of wind speed and wind direction measurements. That is to say, the
model that is proposed in this paper is able to involve and make use of regional information about the
wind resource. With the estimated long-term wind speed histogram and the power curve of a wind tur-
bine it is possible to use the method of bins to determine the long-term mean energy output for that wind
turbine. The intelligent system employed, the knowledgebase of which is a joint probability function of
all the model variables, uses efficient calculation techniques for conditional probabilities to perform the
reasoning. This enables automatic model learning and inference to be performed efficiently based on the
available evidence. The proposed model is applied in this paper to wind speeds and wind directions
recorded at four weather stations located in the Canary Islands (Spain). Ten years of mean hourly wind
speed and direction data are available for these stations. One of the conclusions reached is that the BN
with three reference stations gave fewer errors between the real and estimated long-term mean wind
turbine energy output than when using two measure–correlate–predict algorithms which were evalu-
ated and which use a linear regression between the candidate station and one reference station.

� 2010 Elsevier Ltd. All rights reserved.

1. Introduction

As stated by Hiester and Pennell [1], the interannual variability
of wind speed at a potential wind energy conversion site is a very
important issue. The energy that can be obtained with a wind tur-
bine and, therefore, the economic feasibility of the project, will be
very sensitive to the wind speed acting on the wind turbine over
the working life of the facility.

On occasions no historical series of wind data measurements for
a potential candidate site are available that would enable an
assessment of the economic feasibility of the investment planned
for the installation of a Wind Energy Conversion System (WECS).
One option that can be employed to make up for the drawback
of a lack of such data is to undertake a wind data measurement
campaign over a sufficiently long period of time. According to
Hiester and Pennell [1], it is difficult to accurately estimate the
mean values of the behaviour of the wind at a potential candidate

site with less than 10 years worth of data. This option therefore en-
tails an increase in costs to cover the measurement campaign and,
importantly, postponing the decision-taking process for a normally
unacceptably length of time.

Another option entails the estimation by statistical methods of
the interannual mean wind behaviour at the candidate site. Such
methods rely on the existence of reference climatological stations
installed at nearby sites, for which long-term wind resource mea-
surements are available. These methods also require a wind data
measurement campaign to be undertaken at the candidate site
for a relatively short period of time (normally 1 year). Additionally,
a portion of the reference station’s wind data has to coincide in
terms of length of time and dates with the measurement period
of the candidate site.

For several authors [2–9], the first concern about a site under
consideration for a wind power station is with the long-term (many
years) mean wind speed. With this in mind, various methods have
been proposed to estimate the long-term mean wind speed. Put-
nam [2] used a procedure that estimated the long-term mean wind
speed VLT

c at a candidate site that was based on knowledge of the
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mean wind speed determined over a short-term period VST
c . This

method is known as the method of ratios [3–5] and is given by
Eq. (1)

VLT
c ¼ VST

c VLT
r =VST

r

� �
ð1Þ

VLT
r is the long-term mean for the reference site and VST

r is the short-
term mean for the reference site (for the period coinciding with that
of VST

c .
Conrad and Pollak [5] listed the requirements that need to be

met so that the method of ratios can be applied. The main require-
ment is equivalent, from a mathematical point of view, to the de-
mand for a high spatial correlation between the candidate and
reference site wind speeds. Corotis [1,3,4,6,7], using as a basis
the hypothesis that the mean wind speeds at the candidate and ref-
erence site are distributed in accordance with a normal law, pro-
poses a method that explicitly includes the spatial correlation
coefficient (qLT) between both sites and the standard deviations
for the candidate site rLT

c and for the reference site rLT
r , Eq. (2)

VLT
c ¼ VST

c þ qLT VLT
r � VST

r

� �
rLT

c =r
LT
r

� �
ð2Þ

The values of qLT, rLT
c are unknown and have to be estimated.

Working on the hypothesis that the correlation varies little over
time, the short-term rather than long-term correlation is normally
used. Daniels and Schroeder [6] used a series of hypotheses to esti-
mate rLT

c .
Other methods have been proposed in the scientific literature to

tackle the problem arising from a site with few measurements of
the wind resource [10–13]. However, the statistical method that
has been most widely used over the last 20 years has been the
measure–correlate–predict method (MCP) [14–18]. There are sev-
eral variants of the method, but they are all based on the existence
of statistical relationships between two time-series data sets and
try to model the relationship between wind data (speed and direc-
tion) measured at the candidate site over a short period of time
(normally 1 year) and wind data simultaneously measured at a ref-
erence site. By introducing into the model the long-term wind data
(normally from several years) measured at the reference site, the
long-term wind data series are estimated for the candidate site.

In the last few decades, the ‘data mining’ has become an
increasingly common term [19] used to refer to the automatic or
semi-automatic (assisted) process of extracting useful and under-
standable knowledge from a dataset [20]. Data mining incorpo-
rates numerous data analysis and model extraction techniques.
This paper proposes the use of one of these techniques, probabilis-
tic Bayesian networks (BNs) [19,21–23], to estimate the long-term
mean wind speed frequency distribution (called a histogram) for a
site with few measurements of the wind resource. The method
proposed enables the use of multiple reference stations with a long
history of wind speed and direction measurements. That is, the
proposed model is able to make use of and involve regional infor-
mation of the wind resource. The model has been implemented in
Weka (Waikato Environment for Knowledge Analysis), free soft-
ware available under the GNU General Public License [19] and
developed by Waikato University (New Zealand). The intelligent
system employed, the knowledgebase of which is a joint probabil-
ity function of all the model variables, uses efficient calculation
techniques for conditional probabilities to perform the reasoning.
This enables automatic model learning and inference to be per-
formed efficiently based on the available evidence. With the esti-
mated long-term wind speed histogram and the power curve of a
wind turbine it is possible to use the method of bins [24] or a prob-
ably density function that is fitted to the histogram [25–27] to
determine the long-term mean energy output for that wind tur-
bine. The proposed model is applied in this paper to wind speeds
and wind directions recorded at four weather stations located on

the Canary Islands (Spain). Ten years of mean hourly wind speed
and direction data are available for these stations. To estimate
the goodness-of-fit of the proposed estimation models a compari-
son has been made between the errors generated with these mod-
els and those generated with two measure–correlate–predict
(MCP) algorithms which have been evaluated [13,14]: a linear
regression method and a vector regression method.

For this purpose different metrics have been used. These met-
rics characterise the estimation of (1) the correct cumulative rela-
tive frequency histogram of the wind speed, (2) the correct mean
wind power density and (3) the correct mean annual energy pro-
duction. For this final analysis we have also used two commercial
wind turbines of 330 and 800 kW rated power [28].

2. MCP methods used for comparison

The methods of Derrick [14] and Niesel et al. [13] have been
chosen to compare their results with the alternative method based
on BN as proposed by the authors.

2.1. Derrick method

Derrick [14] uses a linear regression to characterise the long-
term (LT) relationship between the wind speeds of the candidate
site (c) and of the reference site (r), Eq. (3). This method will be re-
ferred to in this paper as the linear regression method (LR).

ðv jÞLT
c ¼ aðv jÞLT

r þ b ð3Þ

ðv jÞLT
c are the estimated wind speeds at the candidate site, ðv jÞLT

r are
the measured wind speeds at the reference site, a and b are the
slope and ordinate at the offset obtained from the linear regression
[29], Eq. (4).
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In Eq. (4), ðv iÞST
r and ðv iÞST

c are the short-term (ST) mean hourly
wind speeds at the reference site and the candidate site, respec-
tively. n is the number of wind speed data.

Generally, the MCP method ‘bins’ or groups together the hourly
wind speeds in terms of the wind direction at the reference site.
For this purpose the data are divided into a specific number of
wind direction sectors (normally 8 sectors of 45� or 12 of 30�).
Then, the parameters a and b of the model are estimated, Eq. (4),
for each wind direction sector. That is, a and b depend on the wind
speed and wind direction. Thus, n in Eq. (4) is the number of wind
speeds in the wind direction sector of the reference site that is
being analysed.

The Mathcad Software 2001i of MathSoft Engineering & Educa-
tion, Inc. [30] was used for the programming of this method.

2.2. Niesel et al. method

Niesel et al. [13] propose decomposing the wind speeds of the
reference site and candidate site using two Cartesian axes (x, y)
[31] and performing a two-dimensional linear regression, Eq. (5).
In this paper, this method is referred to as the vector regression
method (VR).
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