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Abstract

In this paper, we propose a method to predict wind power production
with radial basis function networks. In this case, the power production is
the aggregated production of all wind farms of one electricity company.
The method uses wind speed predictions supplied by a meteorological
agency, and predicts up to several days ahead. The coarse resolution of
one meter per second is overcome by combining the weather data from
several meteorological stations. The wind direction is mapped on a circle
so it is more compatible with a radial basis. These ingredients have been
combined with a kernel machine, which has been implemented and tested.
Test results are presented in the paper.
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1 Introduction
The endeavour to reduce the amount of carbon dioxide in the atmosphere [8]
has been ongoing for a while. The European Union (EU)’s renewables directive
has been in place since 2001 [9]. It aims to raise the share of electricity produced
from renewable energy sources (RES) in the EU to 22% by 2010. The efficiency
of wind power turbines have been significantly improved during the last decade,
and have become an attractive source of renewable energy. At the moment,
wind power is the fastest growing type of renewable energy in Europe.

However, wind power also has the other side of the coin: because the amount
of energy produced strongly depends on the actual wind speed at a certain
location, the power output cannot be guaranteed at all times. The variation
in power production causes noise to be transmitted onto the electricity grid,
and has to be counterbalanced by flexible and expensive power plants. With an
accurate short-term forecast of wind power, an improved economic dispatch of
generating units will be possible, saving fuels and the environment. We consider
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hourly wind power forecasts up to 48 hours ahead. The value of the produced
wind energy will be higher when the delivery has a higher guarantee.

Radial basis function networks are an advanced variant of artificial neural
networks that have excellent nonlinear approximation capabilities. They have
been successfully applied to a large diversity of problems, including chaotic
time series modelling [5]. Kernel machines have drawn a considerable amount
of attention in recent years. Perhaps because kernel machines are relatively new,
they are rarely found in the wind power prediction literature. Emerged by the
combination of several disciplines, kernel machines have in common that they
combine the kernel trick [1] and the principle of parsimony [19, 23].

Section 2 discusses typical approaches to short-term wind forecasting, in-
cluding what kind of data is used and the layout of forecasting systems. A brief
introduction to radial basis networks and kernel machines is given in section 3.
Section 4 describes the setup of a wind power forecasting system with kernel
machines. Experimental results are shown in section 5. Section 6 concludes the
paper.

2 Wind Power Prediction
An exhaustive literature overview of wind power prediction is available in a
report by Giebel et al. [10]. With respect to short-term forecasting of wind
power, we identify two different approaches: the physical approach and the
statistical approach. In the physical approach, one makes a description of the
dynamics of the underlying system, based on complete knowledge of all its
subsystems [3]. In the statistical approach, models are constructed from the
data, without specific domain knowledge.

2.1 The Physical Approach
Generally, in physical approach, the underlying system is decomposed in three
different subsystems. First, the wind speeds at turbine height are estimated in
the scale down phase. In the second step, these estimated wind speeds are con-
verted to a power estimate, followed by a third step, where the power estimates
are aggregated to reflect multiple wind farms. We will discuss these steps in
more detail below.

• To scale down. To estimate the wind power produced at some site,
ideally one wants to have wind speed measurements done on that exact
location. Let us call these windi(t). During the downscaling phase, nu-
merical weather forecasts are adjusted to match the turbine hub height.
Often weather data is obtained by using a transformation f on weather
predicting models such as HIRLAM, i.e., windi(t) = f(HIRLAMi(t)). The
error made by the HIRLAM model is not available, because no actual
measurements are available.
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• To convert to power. In this step, it is assumed that the total amount
of electricity produced by the turbines depends on wind speed only. Using
the so-called power-curve p of the turbines, the wind speeds are converted
to an expected power production, i.e., poweri(t) = p(windi(t)). Power
curves are often obtained from the supplier of the wind turbines, or are
estimated on the basis of measurements on the wind turbines themselves
[16, 15].

• To scale up. The estimated power of a subset of wind turbines or
farms is scaled to match the installed total wind power production ca-
pacity, and then the efficiency of the wind farm to finally determine the
farm’s total output. This problem can be expressed as total power(t) =
s(power1(t), power2(t), . . . , powerN (t)), with s the scale-up function. This
specific step has also been addressed by more sophisticated tools such as
a fuzzy-neural network [18].

Although the results obtained are acceptably good, it requires a lot of data
management of all individual farms and weather conditions.

2.2 The Statistical Approach
In the statistical approach, the model is inferred from the data. The common
approach with this one-stage type of approach is to use neural networks [16] or
another kind of regression technique [2]. It usually estimates the wind power
production in one step, by taking the numerical weather predictions and trans-
forming them to the estimated wind power production.

• To learn. On the basis of input vectors x1,x2, . . . ,xN ∈ X and the cor-
responding observed scalars y1, y2, . . . , yN ∈ R, f is fitted to the observed
data assuming an additive error

y = f(x,w) + ε (1)

and parametrised by some parameter vector w. In the case of modelling
wind power production, the inputs usually contain (actual or predicted)
wind speeds, the outputs contain measured wind power production. Gen-
eralisation to unobserved measurements involves the difficulty of computa-
tional learning [21, 13], which is commonly addressed by cross-validation
techniques.

This class of models work in a more implicit way: the numeric weather predic-
tions can be translated to a wind power in one single step. A drawback of this
approach is that it is a black box, i.e., its one and only function is to predict
the expected wind power production.
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Figure 1: An RBF network with inputs in R2, a bias, and 3 hidden units, and
a single output. Dashed lines show an RBF network architecture for multiple
outputs.

3 Modelling with Radial Bases
The property of a radial basis is that the function value decreases (or increases)
monotonically with the distance from some central point. We will discuss basic
radial basis network terminology in subsection 3.1, and its similarity to and
brief introduction to kernel machines in subsection 3.2.

3.1 Radial Basis Function Networks
Radial basis function (RBF) networks have traditionally been associated with
radial basis functions in a single layer network such as shown in Figure 3.1.
In the input layer, each element of the input vector x is fully connected to all
inputs of the hidden layer neurons. RBF network topology is determined by the
number of hidden units. In the hidden layer, the hidden unit activation function
hi(x) is a radial basis function. The output layer combines a scalar-valued bias
w0 and the outputs of the functions in the hidden layer, to form

f(x) = w0 +
N∑

i=1

wihi(x).

The network parameters are established by minimising a cost function

min
∑

C(y, f(x))

which is typically the sum of the squares of the residuals. As with classical arti-
ficial neural networks, RBF networks can be trained by a variety of supervised
learning algorithms. In the initial approaches, all data samples were assigned
to the hidden layer to act like a centroid. In later approaches, the number of
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hidden units was reduced by the use of clustering algorithms such as k-median
[4], or by stochastic choice [11]. Other algorithms are orthogonal least squares
[20] and gradient descent [12].

3.2 Kernel Machines
When considering Gaussian kernel functions,

k(u,v) = exp
(
− 1

2σ
−2 ‖u− v‖22

)
, (2)

kernel machines can be seen as a topology adaptive approach to radial basis
networks, with the locations of the radial bases restricted to the set of inputs.
Criteria for selection of the hidden units in this case is either structural risk min-
imisation of Vapnik [23], or automatic relevance determination done by Bayesian
sparseness inducing priors [17].

Kernel machines combine statistical learning theory to optimise generalisa-
tion [22, 23, 24], mathematical programming to find solutions efficiently, and the
kernel trick to handle non-linearity [1]. Variants of the support vector machine
have been introduced [14], as well as variants of Bayesian sparseness inducing
methods [7]. The Bayesian methods tend to produce more accurate and concise
results than the support vector machine. However, they are computationally
more costly.

In case of regression, kernel machines use the fact that observational data
can be represented by a linear combination of kernel functions k [25, 6]

f(x) = w0 +
N∑

i=1

wik(xi,x) (3)

with wi ∈ R and xi ∈ RN . One can, but often does not have to, deliberately
design the similarity of points in the state space by altering this kernel function.

Kernel machines exploit the idea of mapping data to a high-dimensional
feature space where some linear algorithm is applied that works exclusively
with inner products. Suppose we have some mapping Φ from an input space
RN to a feature space H, then a kernel function (or kernel)

k(u,v) = 〈Φ(u),Φ(v)〉

is used to define the inner product in feature space H. Figure 3.2 illustrates the
basic idea of the kernel trick: the result of applying an inner product in feature
space H corresponds to a nonlinear estimate in input space RN . In our case we
will consider the Gaussian kernel.

4 Model Setup
This section consists of two parts, first an analysis of the data at hand, and
second the proposed model.
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Figure 2: A mapping Φ from input space RN to feature space H.
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Figure 3: Seven days of wind power production (top), and their corresponding
measured wind speeds at the same time (bottom).

4.1 Data Analysis
A large number of telemeters measured the exact electricity that has been put on
the electric grid. Measuring is done by grid operators, they supply these data to
the owners of the wind farms. In data-driven modelling, as done in this paper,
data are used to create models with. The acquisition and verification of the
production data of individual wind-power turbines is a tremendous undertaking:
it all has to be checked for meter outage, and all time series have to be verified
to actually be wind-power turbines. Figure 4.1 shows the produced wind power
and wind speeds for one week.

It illustrates produced amounts of energy that are typical to wind power, i.e.
on the first day, almost no energy production occurred, while on the fifth day,
the production is often well above 150 MW. The variation in the power produced
is significant. When wind speeds are not sufficiently high, no production takes
place at all. Some types of wind turbines consume energy in case of low wind
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Table 1: Correlation matrix of available weather stations and the wind produc-
tion.

Amsterdam De Kooy Stavoren Valkenburg Production
Amsterdam 1.00 0.851 0.810 0.875 0.864
De Kooy 0.851 1.000 0.821 0.799 0.881
Stavoren 0.810 0.821 1.000 0.791 0.857
Valkenburg 0.875 0.799 0.791 1.000 0.831
Production 0.864 0.881 0.857 0.831 1.000

speeds.
We do not have any wind measured at the parks themselves, but rather

measured at weather stations operated by the Dutch meteorological institute.
Traditionally wind speeds were measured in knots1. The actual wind speeds
obtained from a measuring device are corrected for the surrounding surface and
installation height. This results in the potential wind speed. The correction
factor is usually between 0.9 and 1.2. The distribution of the potential wind
speed therefore will be clustered around the original value in knot. The po-
tential wind speed is reported with an accuracy of 0.1 meter per second, but
the resolution of the records from which it was computed is approximately 0.5
meter per second. From July 1996 wind speeds are measured in integer values
of meter per second. So, since then the resolution is even smaller. We have
available wind speeds measured from the four stations mentioned in table 1.
This table also displays the correlations between the wind speeds measured at
each station, and the recorded wind power production.

4.2 Feature Space
This lack of resolution in wind speed records as mentioned in subsection 4.1 is
one of the first issues one encounters when creating a wind forecasting system.
If this resolution is not improved, the predictions will suffer from the same
discretion level. Figure 4 (left) illustrates this by the power curve of the data
using the wind speed of the Netherlands. We propose to overcome the problem
of coarse resolution by taking into account multiple weather stations. In Figure 4
(right), we illustrate this step by showing the wind-power curve of the average
wind speed of all weather stations presented in table 1. Averaging is done merely
for illustration purposes, the model will use multiple inputs, i.e., not an averaged
number.

The direction of the wind is recorded in degrees to North. In order to opti-
mise this entity to work in combination with a radial basis function, we will map
the polar representation to an Euclidean representation during a pre-processing
step. The exact setup of the feature space for the wind power prediction system
will be done in an experimental way.

1Source: website KNMI http://www.knmi.nl/.

7

http://www.knmi.nl/


●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●●

●

●
●

●

● ●

●

●

●

●

●

●●

●

●
●

●

●

●

●●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

● ●
●●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

2 4 6 8 10 12 14

0

50

100

150

200

250

Wind Netherlands (m/s)

Pr
od

uc
ed

 W
in

d 
En

er
gy

 (M
W

)

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●
●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

● ●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

5 10 15

0

50

100

150

200

250

Average Wind Speed (m/s)

Pr
od

uc
ed

 W
in

d 
En

er
gy

 (M
W

)
Figure 4: A wind power curve using the discretised wind speeds (left), and using
the computed average wind speeds (right).

Table 2: Errors measured over the fitted models. The root-mean square error
(RMSE), mean-absolute error (MAE) and maximum-absolute error (MAX) are
reported in megawatts (MW). The statistical correlation (Cor) is unitless.

No wind direction With wind direction
added station RMSE MAE MAX Cor RMSE MAE MAX Cor
Stavoren 30.78 22.68 174.57 0.886 28.07 20.55 191.78 0.907
De Kooy 21.83 16.08 137.41 0.945 21.33 15.74 137.53 0.947
Amsterdam 19.39 14.37 109.07 0.957 18.97 14.08 98.65 0.959
Valkenburg 18.96 14.11 100.39 0.959 18.64 13.86 93.97 0.960

5 Experimental Results
To select the features used by the wind power prediction system, we have con-
ducted several experiments on the data. We have initialised the Gaussian kernel
that we used with parameter σ = 1. The wind speeds are scaled with a factor
of 0.05. The diameter of the wind direction circle is set to 0.5. We have tested
with cross-validation that these settings performed reasonably well. Table 2
shows the results of fitting with different feature spaces. On the left side of
the table, the results are shown without the wind direction taken into account,
while on the right side of the table the wind direction is also taken into account.
The error measures used were root-mean-square of the error (RMSE), the mean
absolute error (MAE), the maximum absolute error (MAX) and the statistical
correlation (Cor). All errors reported are expressed in megawatts (MW), except
the statistical correlation, which is unitless.

Common benchmarks in determining the quality of the wind power predic-
tion are the persistence model and the mean-production model. When using

8



0 10 20 30 40

0

20

40

60

80

Forecast horizon (h)

R
M

SE
 (M

W
) Persistence

Mean
KM Model
KM Model + Error      

Figure 5: Root-mean-square of the error of different models.

persistence, one takes the previous measured value(s) as the prediction for the
next value(s). The persistence is commonly the model to beat [10]. The mean-
production model simply reproduces the mean of the production at all times.
We have used the kernel-machine model using an input space of four weather
stations and wind direction, of which the fitting errors are shown on the right
of the bottom row of table 2.

Because we did not have available the historically predicted wind speeds
and directions, we simulated an error development in the numerical weather
forecasts. To do so, we have corrupted the wind speed measurements for each
forecast horizon step with Gaussian multiplicative noise, wc(t + i) = wm(t +
i)N (1, c · i) with wm being the measured wind speed at time t, i being the
number of hours ahead, and with c a constant indicating the severity of error
development. During experiments we have set c to 1/120.

Figure 5 shows the root-mean-square of the errors of four different models:
the persistence model, the mean of the production measurements, the kernel-
machine model, and a kernel-machine model with corrupted wind measurement
data. It illustrates that the forecast time horizon does not affect the mean-load
and kernel machine model. Persistence is the best model for approximately
the first two hours, after which the kernel-machine model has the lowest error.
The error caused by the multiplicative noise on the wind speeds does not cause
dramatic increases in error for the first 24 hours, but ends up nearly doubled at
the end of the forecast horizon of 48 hours.

6 Conclusions
In this paper, we have shown that kernel machines provide good mechanisms
to create a wind electricity power generation forecasting system. The proposed

9



kernel machine has been able to adapt to the wind power patterns. A large
improvement is obtained by using multiple weathers station over merely one
weather station. We have successfully combined the discretised wind speed
predictions from several wind stations to form a high resolution accurate power
curve. The average wind direction successfully discriminates wind from different
directions, as it lowers the error made by the model. Although the model
performs good, the quality of the numerical wind forecasts has a large influence
on the quality of the wind power predictions.

Future work could include taking into account more weather stations and
more variables such as air pressure, humidity, and wind direction at each weather
station. Structure in the errors of the numeric weather forecasts could be taken
into account. A probabilistic type of kernel machine can give the advantage of
estimated confidence intervals of the forecasted wind power production.
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