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Regional Wind Power Forecasting Based On
Bayesian Feature Selection

Theodoros Konstantinou, Member, IEEE and Nikos Hatziargyriou, Life Fellow, IEEE

Abstract—In recent years, the integration of renewable energy
sources in power systems has been increasing. Their inher-
ent unpredictability and output fluctuations pose challenges to
secure power system operations and energy market pricing
stability. Therefore, an accurate forecast of renewable energy
generation is crucial. Several effective forecasting methods that
have been applied are based on Machine Learning (ML). A
key factor in the application of ML methods is the choice
of input features, a task that has become more complex in
regional wind power forecasting, where regions can cover entire
countries. The proposed method aims to improve forecasting
performance by streamlining input features through a data-
driven model-agnostic preprocessing technique. This involves
splitting the multidimensional numerical weather predictions into
subareas and eliminating non-informative subareas. The selection
of optimal split and remove parameters is guided by a Bayesian
sequential optimisation process, which builds on prior knowledge
from previous iterations. The approach has been tested on actual
wind power measurements aggregated at the regional level for
three countries located in south-east Europe and was found to be
effective in improving the performance of popular data-driven
forecasting methods.

Index Terms—Artificial neural networks, Bayesian feature
selection, numerical weather predictions, wind power forecasting

NOMENCLATURE

BFS Bayesian Feature Selection
D Dimensionality of the space in which ob-

servations are defined
Dinn, Dout Inner and Outer multidimensional spaces

of possible solutions
δ Convergence criterion threshold
EI Expected Improvement Acquisition Func-

tion
e Value of the Loss-Objective Function
e∗ Threshold value based on quantile γ to di-

vide observed pairs [e, h] into two subsets
g(h) Density of ”non-valuable” observations
ginn(hinn|hout) Density function for ”non-valuable” obser-

vations for inner hyperparameters condi-
tional to outer hyperparameters

gout(hout) Density function for ”non-valuable” obser-
vations for outer hyperparameters

T. Konstantinou is with the School of Electrical and Computer Engineer-
ing, National Technical University of Athens, Greece, e-mail: tkonstanti-
nou@mail.ntua.gr.

N. Hatziargyriou is with the School of Electrical and Computer Engineering,
National Technical University of Athens, Greece and University of Vaasa,
Finland, e-mail: nh@power.ece.ntua.gr

h Set of hyperparameters
h∗ Candidate set of hyperparameters with the

greatest expected improvement
hinn Inner vector of hyperparameters
hout Outer vector of hyperparameters
hi ith Observation in the set of observations
IC Installed Capacity in region under study
k Window Function
l(h) Density of ”valuable” observations
linn(hinn|hout) Density function for ”valuable” observa-

tions for inner hyperparameters condi-
tional to outer hyperparameters

lout(hout) Density function for ”valuable” observa-
tions for outer hyperparameters

NMAE Normalised Mean Absolute Error
N Total number of observations
Nobs Number of evaluation observations
Nout, Ninn Number of samples drawn from Dout and

Dinn spaces respectively
NMSE Normalised Mean Squared Error
NWP Numerical Weather Prediction
nc,i Splitting Index for Column Dimension, i

denotes the index of the sub-area
nr,i Splitting Index for Row Dimension, i de-

notes the index of the sub-area
pi ”Remove” parameters
Pr Probability
rank Rank of a matrix or dimension
r Length of the window function in Parzen-

window density estimation
S-R Method Split-Remove Method
S1, S2 Number of ”split” indices in each dimen-

sion
TPE Tree-Structured Parzen Estimator
γ Quantile parameter determining the thresh-

old value e∗ for dividing observations
ˆerec Average of the errors of the five previous

iterations
ŷi Prediction of the ith observation
yi ith observed value

I. INTRODUCTION

W IND power plays a critical role in the transition to-
wards a future of sustainable and clean energy. Fur-

thermore, wind power is widely available as a domestic source
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of energy; thus, it contributes to reducing energy dependence
and providing a more secure energy supply. Furthermore, wind
power is a cost-competitive source of energy, and thanks to
its very low operating costs, it can help to stabilise energy
prices, providing benefits to both energy consumers and the
wider economy. As such, wind power generation is a crucial
component of modern power systems.

As the share of wind power in the energy mix increases,
it is increasingly important to ensure its efficient integration
into power systems. An important aspect is wind power
prediction with a certain level of accuracy. This information
is essential for electricity market participants and system
operators. Regional wind power forecasting can play a key role
in the integration of wind power into large power systems by
improving our understanding of the behaviour of wind energy
resources and the reliability of wind power generation. Wind
power forecasting, however, is a complex task that depends on
various inputs and parameters, such as weather patterns, wind
speed, and wind direction. Its accuracy also depends on the
choice of forecasting methods and the quality of the input data.
Forecasting wind power generation at the regional or country
level is more complex than at the local scale, as it involves a
larger number of inputs and covers a larger area of complex
terrain.

A. Literature Review

The literature on wind power forecasting methods is ex-
tensive and covers a wide range of approaches, from tradi-
tional time series methods to advanced machine learning tech-
niques. Time series methods, such as ARIMA and exponential
smoothing, have been widely used for wind power forecasting
due to their simplicity and ease of implementation. However,
these methods are limited by their assumption of stationarity
and may not be suitable for capturing complex and non-linear
patterns in wind energy generation.

More recently, machine learning techniques have gained
popularity in wind power forecasting due to their ability
to handle complex and non-linear patterns [1]–[4]. These
techniques include artificial neural networks, decision trees,
support vector machines, and various deep learning models
and have been shown to outperform traditional time series
methods, particularly for short-term wind power forecasting.
In addition, the recent advancement of big data analytics and
cloud computing has enabled the application of more com-
plex machine learning models, such as convolutional neural
networks and recurrent neural networks. According to the
literature, there are two principal approaches for regional wind
power forecasting: the Aggregation Method and the Upscaling
Method [5].

1) Aggregation Method: The Aggregation Method is em-
ployed to combine the wind power generation forecasts of
individual wind farms into a single forecast for an entire region
or country [6]–[9]. This is typically achieved by summing
the expected individual wind farm power forecasts, taking
into account the installed capacity of each wind farm. The
Aggregation Method is significant for assessing wind power
as it provides an overall picture of the expected wind power

generation for the region. Methods to aggregate wind power
forecasts include:

• Simple summation: This is the simplest method to ag-
gregate wind power forecasts, where the forecasts for
individual wind farms are simply summed to obtain the
regional forecast.

• Weighted summation: In this method, a weight is as-
signed to each wind farm forecast based on its expected
generation, and the forecasts are aggregated using the
weighted summation. This method can offer improved
accuracy over simple summation by taking into account
the differences in wind power generation forecast errors
between wind farms [10].

• Spatial interpolation:
– Inverse Distance Weighting: Inverse Distance

Weighting employs the inverse distance between
the target location and the sample locations to
estimate wind power values, providing a simple
and computationally efficient means of spatial
interpolation [11].

– Kriging: A more sophisticated geostatistical inter-
polation method, Kriging utilises the spatial auto-
correlation of the data to estimate values at locations
where wind farms are installed but lack historical
data. Kriging can capture spatial patterns of wind
power generation in a large area, which helps to
aggregate regional forecasts [12].

2) Upscaling Method: Upscaling methods are widely
utilised in regional wind power forecasting to transfer in-
formation from high-resolution data to lower-resolution data,
aiming to capture the spatial patterns and relationships of the
wind power generation process in a specific region [13]–[19].
This leads to the generation of more accurate predictions at a
regional level. Popular upscaling methods include:

• Machine Learning (ML): ML is highly favoured for fore-
casting regional and national wind power. By capturing
complex non-linear relationships between the wind power
generation process and its inputs, like wind speed and
direction, ML models, and especially more advanced
techniques, such as Deep Learning, exhibit high accuracy,
especially when managing large datasets.

Unlike Aggregation methods, which aggregate data at the
wind farm level to estimate the generation of wind power
throughout the region, the upscaling methods are more adept
at providing accurate forecasts. They use NWP and other
meteorological data to model the relationship between weather
conditions and wind power generation. By combining mete-
orological data with wind farm level observations, upscaling
methods can produce regional forecasts that are both more
accurate and robust to changes in wind farm configurations.
Upscaling methods use higher resolution NWP data and can
flexibly model complex terrain and weather conditions through
advanced machine learning techniques, providing a nuanced
understanding of wind power generation dynamics across
regions.
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Moreover, upscaling methods offer several advantages over
aggregation methods. First, they can use higher-resolution
NWP data and consider complex terrains, such as mountains,
valleys, and coastlines, which can have a significant impact on
wind speed patterns and power generation. Second, upscaling
methods can model the relationship between wind power
generation and weather conditions in a more flexible way, as
they can incorporate advanced machine learning techniques,
such as neural networks and support vector machines. These
techniques can capture non-linear relationships between the
inputs and outputs. Third, upscaling methods can better incor-
porate the effects of wind farm interactions and power grid
constraints, allowing for a more accurate representation of the
overall generation of wind power.

In conclusion, upscaling methods provide several advan-
tages over aggregation methods for regional wind power fore-
casting, including improved accuracy, more flexible modelling,
and better representation of complex relationships between
weather conditions and wind power generation and are selected
for the development of the proposed method.

B. Contributions
One of the challenges in using NWP for wind power

forecasting, over large areas, is that these data are high-
dimensional, including information from multiple variables,
which may not be all relevant for the specific application.
More specifically, for country-wide wind power forecasting,
some sub-areas of NWP information, e.g. areas with no wind
park installations, may not be directly relevant for predicting
wind power generation. This can result in large amounts of
irrelevant information being included in the inputs to the fore-
casting models, which can lead to lower accuracy and longer
processing times. To address this challenge, techniques such
as dimensionality reduction can be used to reduce the number
of input features and eliminate less relevant information.

In this work, a dimensionality reduction method is proposed,
where NWP are split into sub-areas, and only the information
from the most relevant sub-areas are used as inputs to the
forecasting models. The method is applied to the input data,
so it is model-agnostic, i.e. it can be applied to improve the
performance of any existing wind power forecasting models.

In this paper, the proposed method is tested on well-
established, data-driven models such as Support Vector Ma-
chines (SVM), fully-connected artificial neural networks
(ANN) and Convolutional Neural Networks (CNN) which
have proven to be effective in wind power forecasting. The
contribution of this paper lies in the development of a method
that processes NWP as image-like data, allowing splitting of
the high-dimensional data into smaller sub-areas, defined by
the geographical latitude and longitude widths. After splitting,
the non-informative sub-areas are removed by Bayesian feature
selection. In this way, the number of input features is reduced,
simplifying the forecasting model and enhancing its accuracy.

II. NUMERICAL WEATHER PREDICTIONS

NWP includes multidimensional information about a variety
of atmospheric and meteorological variables, such as tempera-
ture, pressure, wind speed and direction, etc. In the context of

(a)

(b)

Fig. 1: (a) Spatially distributed values of the U component of
the wind (10 meters above ground) (b) Spatially distributed
values of the V component of the wind (10 meters above
ground)

wind power forecasting, over large areas, some sub-areas of
NWP data may contain information that is not representative of
the wind patterns or meteorological conditions that affect the
wind power generation across the region. This may be due to
the influence of specific geographical or topographical features
in these sub-areas, such as mountains, lakes, or other bodies
of water, which create unique specific location-dependent
weather conditions.

In Figure 1, the NWP values of the eastward and northward
wind vectors U and V over Greece are isolated and displayed
as individual images. Such image-like data are typically de-
scribed by three dimensions: width, length and depth. The
first two dimensions are defined by the size of the data to be
modelled, while in the case of numerical weather predictions,
used as image-like data, the width and length are determined
by the study area and the spatial resolution of the numerical
weather predictions used. The different colours in the image
represent the values of each weather variable (U,V) in each
isolated figure. In practise, the two figures are stacked to create
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a three-dimensional matrix, where the third dimension is equal
to the weather variables that are examined. As an example,
the focus area for Greece is chosen between the coordinates
(latitude = 36.25o, longitude = 20.00o) and (latitude = 41.75o,
longitude = 27.00o), which correspond to an area equal to
(5.50o × 7.00o) in degrees. If NWP are provided by a global
weather model, which usually has a spatial resolution of 0.25
degrees, the image-like data correspond to a 23 × 29 matrix
per weather variable at a specific altitude.

III. BAYESIAN FEATURE SELECTION FOR NWP
PRE-PROCESSING

In order to eliminate sub-areas of NWP data that are not
informative or relevant for wind power forecasting over large
areas, dimensionality reduction techniques are used. Such
methods help to reduce the complexity of the forecasting
model, which in turn leads to faster training and prediction
times, increased accuracy and improved performance.

A. Feature Selection Methods

The process of eliminating spatial features from NWP can
be challenging and time-consuming, in order to achieve an
optimal selection of spatial features, without compromising
the final results. There are several feature selection methods
for input images or multidimensional data such as NWP [20]–
[24]. Some of the most widely used methods are as follows:

• Filter methods evaluate the feature importance based on a
set criterion and rank the features based on their scores.
The most common criterion used is the correlation co-
efficient, which measures the linear relationship between
the features and the target variable.

• Wrapper methods use the performance of a specific
machine learning model as an evaluation criterion. The
idea behind these methods is to train the machine learning
model on a subset of features and evaluate its perfor-
mance, then iteratively add or remove features to find the
optimal subset.

• Embedded methods incorporate the feature selection pro-
cess into the model training process itself. For example,
regularisation techniques such as Lasso or Ridge regres-
sion can be used to penalise the importance of features
and select only the most relevant ones.

• Bayesian Feature Selection (BFS), is a statistical ap-
proach to feature selection that utilises Bayesian learning
algorithms to identify the most relevant features for a
given task. BFS is based on the idea that the relevance
of a feature can be estimated based on its marginal
distribution in the observed data and the prior distribution
of its relevance [25]–[27].

The BFS approach has several advantages over other feature
selection methods, such as filter methods and wrapper meth-
ods. Unlike filter methods, BFS considers the relationships
between features and the impact of removing a feature on the
performance of the model. Unlike wrapper methods, BFS is
computationally efficient and does not require the computation
of multiple models, making it suitable for large-scale feature

Fig. 2: Splitting and removing steps

selection tasks. Furthermore, BFS can incorporate prior knowl-
edge, such as domain knowledge or information from previous
experiments, making it a powerful tool for feature selection in
complex real-world applications. Finally, BFS is flexible and
adaptable to changing circumstances, making it well suited
for dynamic and complex forecasting scenarios, such as those
encountered in regional wind power forecasting.

To the authors’ knowledge, a systematic elimination of sub-
areas of NWP has not been studied before. In the remainder
of the paper, the proposed sub-areas-based feature selection
method is called the ”split” and ”remove” (S-R) method.

B. S-R method

The S-R method consists of two steps: First, the multidimen-
sional data of NWP are divided in sub-areas based on the two
first dimensions, which represent the 2D spatial plane, where
weather predictions are given. Second, the non-informative
sub-areas are discarded. For the first step, splitting indices
are used to define the sub-areas, given as a vector for each of
the two dimensions. These vectors, which are monotonically
increasing, determine the last row or column of each sub-
area in the input data matrix. In a 2 × 3 example, the two
splitting vectors are ([nr,1, nr,2], [nc,1, nc,2, nc,3]), resulting in
a split input data matrix of (2 + 1) × (3 + 1) = 12 sub-
areas, as shown in Figure 2. After the splitting process, a
vector of binary elements, referred to as remove parameters, is
generated, each corresponding to a specific sub-area. Sub-areas
with zero-valued ”remove” parameters are discarded next as
non-informative during the training process, as demonstrated
in Figure 2. Since the S-R parameters, which define the feature
selection, cannot be altered during the training process, they
are considered as hyperparameters. It is important to clarify
that the parameters which affect the ”split” and ”remove”
steps have no connection to the forecasting model used inside
the S-R. Even if the S-R hyperparameters affect the overall
performance of the forecasting model, they define the input
features and not the architecture of the model, making the
proposed S-R method model-agnostic.
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For the BFS process, the Tree-Structured Parzen Estimator
(TPE) proposed in [28], is used. TPE is a Bayesian optimisa-
tion algorithm that is commonly used for global optimisation
problems in machine learning. TPE uses a probabilistic model
to estimate the target function and generates the next set
of candidate solutions. This Bayesian algorithm can balance
exploration and exploitation, making it an effective method
for finding the global optimum in high-dimensional search
spaces. Additionally, TPE has been shown to perform well in
problems with a noisy or non-stationary target function. Since
the function that maps the S-R parameters to the error metric
of a forecasting model is nearly impossible to be known, TPE
approximates this mapping function using a surrogate function.
Hyperparameters that minimise the surrogate function are
considered as the parameters where the true mapping function
is minimised. The evaluation process is explained in Section
D.

The TPE algorithm, implemented within a BFS process,
comprises two stages. The first stage involves modelling the
prior distribution of the set of hyperparameters, denoted as h,
based on the value of the loss-objective function, denoted as
e. This value is obtained by training a forecasting model and
is estimated by applying h to the input data from NWP. The
second stage involves maximising the Expected Improvement
(EI) acquisition function, which calculates the expected im-
provement in the loss-objective function e that would result
from selecting a new candidate sample h. The calculation is
performed using the previously estimated prior distribution.
For the TPE algorithm to function effectively, an arbitrary
number of initial sample pairs (h, e) must be generated. This is
achieved by randomly sampling h and subsequently obtaining
the corresponding values e by training the forecasting model
for each sample. The TPE algorithm is iteratively executed
by applying these two stages until a convergence criterion is
satisfied.

C. Prior Distribution

In TPE, the conditional probability distribution Pr(h|e)
represents the likelihood of observing a set of hyperparam-
eters h given a loss value e, which is determined by an
unknown function that maps a hyperparameter vector h to
the overall performance metric e of the training process. For
the TPE algorithm, a threshold value e∗ is selected, based
on a quantile γ ∈ [0, 1] of the observed loss values, such
that Pr(e < e∗) = γ. This threshold is used to divide the
observed pairs [e, h] into two subsets, with densities l(h) and
g(h), representing ”valuable” and ”nonvaluable” observations,
respectively. Specifically, γ is chosen so that the proportion
of observed loss values less than e∗ is equal to γ. Smaller
values of γ will result in a more conservative selection of
hyperparameters, as the algorithm will only consider a smaller
subset of observations as ”valuable”. On the other hand,
larger values of γ will result in a less conservative selection
of hyperparameters, as the algorithm will consider a larger
subset of ”valuable” observations. The choice of γ is typically
problem-dependent and needs to be carefully tuned for optimal
performance. In this method, the overall loss e is considered

as the normalised mean absolute error obtained from the
forecasting model validation process and γ is selected to be
equal to 0.5. In this way, the two subsets of [e, h], have equal
populations. As described by (1), TPE defines Pr(h|e) using
these two densities.

Pr(h|e) =
{

l(h), e < e∗

g(h), e ≥ e∗
(1)

Since the prior distribution Pr(h|e) is based on a few sample
pairs of the forecasting model’s performance values e and
hyperparameter sets h, it is almost impossible to do parametric
density estimation, namely maximum likelihood estimation.
Therefore, l(h) and g(h) are estimated using the Parzen
window density estimation. Supposing that the values of the
considered observations are defined in a D-dimensional space,
then the Parzen-window density f(h) is estimated as follows:

f(h) =
1

NrD

N∑
i=1

k(
h− hi

r
) (2)

k(
h− hi

r
) =

{
1, ∥h−hi

r ∥ ≤ 1
2 , i = 1, ..., D

0, otherwise
(3)

where k is the window function, hi is the ith observation
and r is the length of the window function. Considering the
window function as a D-dimensional hypercube with length
r and given an observation hi from N observations, the
quantity k(h−hi

r ) will be equal to one if hi falls within the
hypercube centred on h with side r, and zero otherwise. Since
the equation (2) is symmetrical, it can be expressed as the
sum over N hypercubes, centred on the N observations hi.
Using this method, density functions l(h) and g(h) can be
expressed using the parzen-window method, each with its own
observations, as shown in equations (4) and (5). Finally, since
the S-R method has multiple hyperparameters, h is defined
as a vector of values and the D-dimensional space is defined
over the overall number of hyperparameters, used in each TPE
process.

l(h) =
1

NrD

N∑
i=1

k(
h− hi

r
), ∀h : e < e∗ (4)

g(h) =
1

NrD

N∑
i=1

k(
h− hi

r
), ∀h : e ≥ e∗ (5)

D. EI Acquisition Function

According to [28], the parameterisation of Pr(h, e) as
Pr(e)Pr(h|e) in the TPE algorithm is chosen to facilitate
the optimisation of the expected improvement metric (EI). EI
is expressed as follows:

EIe∗ =

∫ ∞

−∞
max(e∗ − e, 0)Pr(e|h)de (6)

The optimization of EI under TPE is calculated as: (7).

EIe∗(h) =
l(h)[γe∗ −

∫ e∗

−∞ Pr(e)de]

γl(h) + (1− γ)g(x)

∝ [γ + (1− γ)
g(h)

l(h)
]−1

(7)
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Fig. 3: Bayesian feature selection algorithm

The steps for calculating the EI under TPE are presented in
more detail in Appendix I.

The expression (7) shows that to maximise the EI, the vector
values of h should have a high probability under l(h) and a low
probability under g(h). The tree-structured form of Pr(h|e),
makes it easy to draw samples from l(h) and evaluate them
according to the term [γ + (1− γ) g(h)l(h) ]

−1. On each iteration,
the TPE algorithm chooses the candidate h∗ with the highest
EI.

E. S-R Steps

As defined in the previous section, the S-R process is
defined by three sets of hyperparameters: The number of
”split” indices in each dimension, the ”split” indices of each
dimension and the binary ”remove” variables for each sub-area
created by the ”split” indices. Each set of hyperparameters
has its own constraints, for the S-R process to be valid.
Firstly, the number of ”split” indices, in each of the first
two dimensions of the input matrices, must be integer and
constrained inside the range between zero and the rank of
the corresponding dimension. Secondly, splitting indices must
take integer values and be constrained between zero and the
rank of the corresponding dimension. Finally, the ”remove”

hyperparameters must take binary values and at each ”remove”
step, at least one sub-area must be left, in order for the training
process of the forecasting model to proceed. Therefore, for a
NWP input matrix with spatial dimensions d1 × d2, the S-R
process requires the following hyperparameters:

• The S1 ∈ [0, d1] and S2 ∈ [0, d2] number of ”split”
indices

• The S1 ”row” splitting indices [nr,1, ..., nr,S1
]

• The S2 ”column” splitting indices [nc,1, ..., nc,S2
]

• The (S1 + 1) × (S2 + 1) ”remove” parameters
[p1, ..., p(S1+1)×(S2+1)]

One issue that must be taken into consideration, is that
hyperparameters S1 and S2 define the number of the rest
of the hyperparameters, leading to a varying dimensionality
of the D-space of possible solutions as rank(D|S1, S2) =
S1 + S2 + (S1 + 1) × (S2 + 1). Therefore, the BFS process
can be constructed as a bi-level optimization process, with
two prior distributions approximated using TPE and equation
(1), an outer and an inner prior distribution. A two stage TPE
process is a two-step optimization procedure that leverages
the results of TPE in the first stage to guide the search for
the optimal solution in the second stage. In the first stage, the
TPE algorithm is used to model the prior distribution of the
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TABLE I: Case Studies Information

Case Greek region Bulgarian region Romanian region

Input Features U wind component (10m), V
wind component (10m)

U wind component (10m), V
wind component (10m)

U wind component (10m), V
wind component (10m)

Forecasting Horizon (hours) 24 24 24
Time Step (hours) 1 1 1

Dataset ENTSO-e / GFS ENTSO-e / GFS ENTSO-e / GFS
Training Period 01/01/2019-31/12/2019 01/01/2020-31/12/2020 01/01/2020-31/12/2020
Testing Period 01/01/2020-31/12/2020 01/01/2021-31/12/2021 01/01/2021-31/12/2021

Fig. 4: Test Cases regions: Greece (Red), Bulgaria (Green)
and Romania (Blue)

S1 and S2 hyperparameters, to maximize their EI acquisition
function. The results of the first stage are used to initialize
the second stage, which employs TPE to further refine the
rest of the hyperparameters, conditional to the selected S1 and
S2. Based on this approach, the hyperparameters’ vector h is
constructed as h = [hout, hinn] where hout = [S1, S2] and
hinn = [nr,1, ..., nr,S1

, nc,1, ..., nc,S2
, p1, ..., p(S1+1)×(S2+1)].

The outer prior distribution models the dependency between
the metric values e and [S1, S2] hyperparameters, while the
inner prior distribution models the conditional dependence
between the metric values e and the rest of hyperparameters.
The two prior distributions are modelled as follows:

Pr(hout|e) =
{

lout(hout), e < e∗

gout(hout), e ≥ e∗
(8)

Pr(hinn|e, hout) =

{
linn(hinn|hout), e < e∗

ginn(hinn|hout), e ≥ e∗
(9)

Using the distinction between the two prior distributions, the
two multidimensional spaces of possible solutions, Dinn and
Dout, are created. Dout space’s rank is constant and equal to
two, while the rank of Dinn is conditional to each sample
S1 and S2. Furthermore, when the outer S-R process chooses

an hout pair that has already been investigated, the previous
observed values of e and hinn corresponding to that specific
pair are included in the inner prior distribution, making the
process more accurate and efficient.

To summarise the BFS process on the NWP, the two-stage
TPE optimisation along the S-R steps is illustrated in Figure
3. In this figure, the three components of the proposed method
are shown together with the type of information exchanged.
In component (1), initially a number Nout of random samples
is uniformly drawn from Dout and a number of Ninn is
uniformly drawn from each Dinn space, corresponding to
the Nout samples. These samples are used in the first step
of the process to create the outer and inner distributions,
with their corresponding error values. The outer and inner
distributions are calculated based on (1) with γ = 0.5 and
e∗ equal to the median of the observed values of e. Once the
two distributions are initialised, the iterative process follows
the order of components (1), (2), and (3). At each iteration,
the optimal h∗

inn for each hout sample is calculated and then
the optimal h∗

out is defined, based on the inner and outer
EI acquisition functions, respectively. At the end of each
iteration, the optimal values h∗

out and h∗
inn are integrated into

the observations Nout and Ninn, in order to be included in the
estimation of the two prior distributions, in the next iteration.
These steps are repeated until convergence is achieved. Within
this context, the absolute difference between the evaluated
e and the average error of the five previous iterations ˆerec,
being less than or equal to δ = 10−3, is assumed as a
convergence criterion. It is important to note that the only
information exchanged between the forecasting model and
the BFS algorithm is the processed training dataset and the
evaluation error that is used to update the prior distributions.

IV. CASE STUDY

A. Evaluation Description

The proposed approach is validated on regional wind power
forecasting for three countries located in south-east Europe:
Greece, Bulgaria and Romania, as shown in Figure 4. Wind
power measurements and installed capacity information are
provided by ENTSO-e [29] and NWP data by the Global
Forecasting System through the Google Earth Engine platform
[30], as described in Table I. The performance of the proposed
method is assessed by the bias metric, the mean absolute error
(NMAE) and the mean squared error (NMSE), normalised by
the installed wind power capacity of the region. The NMAE
is a measure of absolute errors between paired observations
and predictions, without taking into consideration the sign of
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the error. The NMSE measures the squared difference between
paired observations and predictions. The NMSE is the second
moment of the prediction errors, which incorporates both the
variance and the bias of the model. The variance is defined as
the spread of the prediction errors and the bias as the distance
of the predictions from the observed values. The NMSE
is mostly used, along the NMAE, as it penalises the large
values of prediction errors, giving a more accurate measure
of the variance of the model under study. The formulas for
normalised bias, NMAE and NMSE are given in (10), (11)
and (12), respectively. Furthermore, bias-metric histograms are
presented for a more detailed analysis of overall performance.

Bias(%) =
1

Nobs

Nobs∑
i=1

yi − ŷi
IC

∗ 100 (10)

NMAE(%) =
1

Nobs

Nobs∑
i=1

|yi − ŷi|
IC

∗ 100 (11)

NMSE(%) =
1

Nobs

Nobs∑
i=1

(
yi − ŷi
IC

)2 ∗ 100 (12)

Nobs is the number of evaluation observations, yi is the ith
observed value, ŷi is the prediction of the ith observation and
IC is the installed capacity, all within the training process of
the forecasting model.

The performance of the Bayesian feature selection method
is compared with two other approaches for regional day-ahead
probabilistic wind power forecasting. The first approach uses
the entire area of NWP as input, while the second approach
involves empirical selection of the sub-areas of NWP based
on the locations of the wind farms installed in the region. The
proposed S-R method is applied to three different state-of-the-
art machine learning models (SVM, ANN, CNN), in order
to evaluate its performance on different models. Addition-
ally, two classical benchmark models, the Persistence model
and the Climatology model, are used to provide additional
performance comparisons. All models are evaluated on the
same task of regional day-ahead probabilistic wind power
forecasting. Models used in empirical selection of subareas
are marked with a ’M’ prefix and models used in the S-R
method with an ’S-R’ prefix. Within the validation process, the
general results for all test cases are presented and to assess in
more detail the performance of the proposed methodology, the
Greek region is selected to investigate the seasonal evaluation
metrics. Therefore, the validation period is divided into four
seasons to examine the performance of the S-R method in
different weather conditions in the Greek region.

B. Results and Discussion

In this section, the results for regional day-ahead wind
power forecasting are presented. Specifically, the performance
of the proposed Bayesian feature selection method is compared
with two other approaches, as described in the previous sec-
tion, and applied in three benchmark models. The performance
of all models in all test cases, in terms of NMAE and NMSE,
is presented in Tables II and III, respectively. It is clear

TABLE II: NMAE evaluation results for each test case

NMAE (%)
Model Greece Bulgaria Romania

Persistence 12.553 20.489 23.488
Climatology 13.586 15.176 19.811

SVM 6.089 5.992 9.652
M-SVM 5.571 5.687 9.169

S-R SVM 5.154 5.452 9.315
ANN 7.765 5.321 7.855

M-ANN 6.433 4.981 7.305
S-R ANN 5.803 4.590 7.149

CNN 5.951 5.234 10.375
M-CNN 5.506 4.678 9.856

S-R CNN 4.852 4.324 9.166

TABLE III: NMSE evaluation results for each test case

NMSE (%)
Model Greece Bulgaria Romania

Persistence 2.7695 5.128 11.924
Climatology 2.647 3.557 5.886

SVM 0.489 0.513 1.472
M-SVM 0.471 0.449 1.383

S-R SVM 0.436 0.415 1.314
ANN 1.118 1.062 1.284

M-ANN 0.775 0.736 1.212
S-R ANN 0.605 0.574 1.091

CNN 0.642 0.603 2.004
M-CNN 0.553 0.506 1.67

S-R CNN 0.489 0.464 1.386

TABLE IV: Seasonal NMAE evaluation results for test case:
Greece

NMAE (%)
Model Winter Spring Summer Autumn

Persistence 16.745 12.166 10.392 10.909
Climatology 15.596 12.496 13.814 12.438

SVM 7.769 6.163 5.386 5.038
M-SVM 7.061 5.521 4.724 4.974

S-R SVM 6.661 5.162 4.441 4.350
ANN 11.606 8.514 5.264 5.679

M-ANN 9.117 6.888 4.487 5.241
S-R ANN 8.167 6.107 4.045 4.894

CNN 7.778 5.651 4.820 5.558
M-CNN 6.975 5.447 4.546 5.057

S-R CNN 6.007 4.942 4.003 4.456

TABLE V: Seasonal NMSE evaluation results for test case:
Greece

NMSE (%)
Model Winter Spring Summer Autumn

Persistence 4.507 2.589 1.915 2.067
Climatology 3.528 2.326 2.656 2.079

SVM 0.744 0.443 0.354 0.418
M-SVM 0.722 0.414 0.335 0.415

S-R SVM 0.689 0.369 0.301 0.385
ANN 2.302 1.189 0.433 0.549

M-ANN 1.488 0.789 0.347 0.486
S-R ANN 1.067 0.622 0.309 0.424

CNN 1.017 0.554 0.434 0.561
M-CNN 0.862 0.501 0.337 0.515

S-R CNN 0.771 0.427 0.295 0.462
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Fig. 5: Histogram of bias in SVM results for (a): Winter (b): Spring (c): Summer (d): Autumn
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Fig. 6: Histogram of bias in ANN results for (a): Winter (b): Spring (c): Summer (d): Autumn
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Fig. 7: Histogram of bias in CNN results for (a): Winter (b): Spring (c): Summer (d): Autumn

that the proposed method outperforms the use of the whole
NWP area and the empirical selection of sub-areas along with
the rest of the other feature selection methods in all three
machine learning models. An important conclusion is that
the dimensionality reduction achieved through the selection of
sub-areas, either empirically or by the Bayesian method, seems
to improve the overall performance of the forecasting models.
Performance improvement expressed by both in NMAE and
NMSE is achieved in the three benchmark models, while
the variance of the prediction errors is lower. Regarding the
NMAE and NMSE metrics, as observed in Tables II and III,
the robustness of the proposed methodology is proven, as in
the three test cases, the use of the S-R method, succeeds in
improving the accuracy of the prediction and decreasing the
deviations of forecast errors, regardless the regions complexity
of terrain. One major point of the results of the proposed
method is that the performance improvements are achieved by
significantly decreasing the number of input features, through
the removal of NWP sub-areas. In the case of Greece, the
initial number of input features is 1334 and the final number
of input features equal to 756, which leads to a percentage
decrease of input features equal to 43%. Similarly, in the test
case of Bulgaria, the percentage decrease in input features is
equal to 56% (784 → 344) and in the test case of Romania
equal to 30% (1330 → 948).

In order to further investigate the performance of the pro-
posed method, a detailed evaluation of its seasonal perfor-
mance is presented for the test case of Greece. In addition
to the previous results, the NMAE and NMSE metrics for
each season are shown in Tables IV and V. To further this

investigation, the bias histograms of the different models are
presented in Figures 5-7. What can be observed from Tables
IV and V, is that the performance of all models varies in
different seasons, due to the seasonal variability of weather
conditions and wind cycles. However, the S-R method can
improve the accuracy of the forecasting models it is applied
to, regardless of the different weather conditions. This can
also be observed in the bias histograms produced by applying
the S-R method, compared to the rest of the distributions,
indicating lower width or smaller deviation from the expected
value. Additionally, the expected bias of error in each case
is decreased by the S-R method, indicating that the model is
more unbiased in over-predicting or under-predicting.

To illustrate the performance of the different approaches
in the selection of subareas, the results obtained by three
selection methods are presented in Figures 8a-8c. Figure 8a
displays the entire NWP over the region, without any sub-area
selection. The red crosses indicate the installed wind farms.
In Figure 8b, the sub-areas are empirically selected based
on the locations of the wind farms. As can be seen, these
subareas are scattered throughout the region and do not form
a clear pattern. Finally, in Figure 8c, the selection of sub-
areas obtained through the S-R CNN method is displayed.
In this case, the selected sub-areas create a pattern, where
sub-areas over some existing wind farms are removed, since
they do not contribute to the improvement of the accuracy
of the forecasting models. An important observation is that
the sub-areas include areas over the sea and the coastline of
the country, while parts of the country where the terrain is
irregular and contains mountainous regions are avoided, even
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Fig. 8: (a): NWP over the entire region (b): Empirical selection of sub-areas over existing wind farms (c): S-R based selection
of sub-areas over the region
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Fig. 9: Split numbers’ values through the optimisation process

if they contain installed wind farms. This might suggest that
even if some areas contain wind farms, the accuracy obtained
by using the NWP for these areas is poor, resulting in a
reduced performance of the forecasting model. This is the
main advantage of the S-R method, which is based on the
actual performance of the forecasting model used and the
actual measured wind power generation of the area under
study.

Furthermore, in order to validate the Bayesian behaviour
of the S-R method, using a two-stage TPE algorithm, the
results of the outer optimisation process for the S-R CNN are
presented in Figure 9. Due to visualisation limitations caused
by the higher dimensionality of the inner optimisation process,
only the results of the outer process are displayed, in a matrix
form, where each cell includes the number of iterations each
pair [S1, S2] was drawn randomly from the prior distribution at
each step. The colour of each cell corresponds to the minimum
NMAE, achieved within the inner optimisation process of the
corresponding pair [S1, S2], as defined by the matrix indices.
It can be observed that during the optimisation process, areas
with high and low probability of good performance are created
in the outer prior distribution, as it is updated at each step.
S1 and S2 pairs with good performance have been selected
multiple times, due to their high probability of resulting lower
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Fig. 11: Sensitivity analysis of the S-R method to the γ
parameter

NMAE values, while other pairs have been selected only a
few times or even not at all. This proves the effectiveness of
the S-R method, which is guided by the previous results of
the S-R process and the training of the forecasting model on
which it is applied.

Finally, the sensitivity of the proposed method to its various
parameters is studied. In Figures 10 and 11, the convergence
trajectories for the S-R CNN model for the Greek test case
are shown, for three different numbers of initial random
samples and for three different values γ, respectively. The
initial random samples define the solution space for both the
outer and inner optimisation steps. Variation in the number of
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initial samples, as displayed, affects the speed of convergence
of the algorithm, where a larger number of initial samples
leads to a faster convergence. Furthermore, as proven by the
formulas of the TPE ((4),(5)), the γ value acts as a trade-off
between the exploration and the exploitation of the solution
space. The three trajectories in Figure 11, illustrate this trade-
off, as higher values of γ lead to greater exploration of the
solution space with a lower probability of convergence, due
to the high oscillations of the values of e. On the other hand,
lower values of γ lead to greater exploitation of the solution
space, achieving convergence in fewer iterations, but they have
the potential to be trapped in a local minimum. Therefore,
a value of γ equal to 0.5, is a good candidate for balanced
exploration and exploitation of the TPE algorithm.

V. CONCLUSION

This paper shows that dimensionality reduction of NWP in-
puts with BFS, through elimination of sub-areas, can improve
the accuracy of regional day ahead wind power forecasting.
The proposed method using a two-stage TPE process proved
to be more effective than using the entire NWP area or an
empirical selection of subareas. Moreover, as the proposed
method is applied directly to the input data, it can be used with
any forecasting model, making it model-agnostic and widely
applicable. The proposed method is applied for country-wide
day-ahead wind power forecasting in three countries in south-
east Europe and has been proven to increase the performance
of popular data-driven methods applied for this task.
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APPENDIX I: CALCULATION OF EXPECTED IMPROVEMENT
UNDER TREE-STRUCTURED PARZEN ESTIMATOR

In this appendix, we provide a detailed explanation of how
the EI acquisition function is calculated under the TPE ap-
proach. TPE as a Bayesian optimization technique, constructs
a probabilistic model of the objective function based on obser-
vations of the function evaluations at different hyperparameter
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settings. The model consists of two parts: a prior probability
distribution over the hyperparameters and a likelihood function
that models the relationship between the hyperparameters and
the objective function values. TPE uses these two parts to
construct an acquisition function that guides the search towards
promising regions of the hyperparameter space.

The EI acquisition function is defined as follows:

EI =

∫ ∞

−∞
max(e∗ − e, 0)Pr(e|h)de (13)

max(e∗ − e, 0) =

{
e∗ − e, e < e∗

0, e ≥ e∗
(14)

Therefore, equation (13) is simplified into the following equa-
tion:

EI =

∫ e∗

−∞
(e∗ − e)Pr(e|h)de (15)

Based on Bayes’ theorem, the conditional probability of error
e in respect to hyperparameters set h can be described as
follows:

Pr(e|h) = Pr(h|e)Pr(e)

Pr(h)
, P r(h) ̸= 0 (16)

By construction, as defined in (1), Pr(h|e) is:

Pr(h|e) =
{

l(h), e < e∗

g(h), e ≥ e∗
(17)

The term Pr(e < e∗) = γ and Pr(h) is defined as follows:

Pr(h) =

∫
R

Pr(h|e)Pr(e)de = γl(h) + (1− γ)g(h) (18)

Using the above equations, (15) is transformed into:

EI =

∫ e∗

−∞
(e∗ − e)

Pr(h|e)Pr(e)

Pr(h)
de (19)

EI =

∫ e∗

−∞
(e∗ − e)

l(h)Pr(e)

γl(h) + (1− γ)g(h)
de (20)

EI =
l(h)

γl(h) + (1− γ)g(h)

∫ e∗

−∞
(e∗ − e)Pr(e)de (21)

As it can be observed, the term
∫ e∗

−∞(e∗ − e)Pr(e)de is
independent of the hyperparameters set h, therefore it can be
ignored in the optimization process of EI. Finally, the EI that
has to be maximized in respect to h is defined as follows:

EI ∝ l(h)

γl(h) + (1− γ)g(h)
= [γ + (1− γ)

g(h)

l(h)
]−1 (22)


