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a b s t r a c t

The power forecasting plays a significant role in the electrical systems. Furthermore the high-dimensional
data reduction without losing essential information represents an important advantage in the forecasting
models. Low computational costs and short execution time together with high predicted performance are
the main goals to be reached in the development of a prediction method. In this paper a hybrid method
based on an active selection of the support vectors, using the quadratic Renyi entropy criteria in combi-
nation with the principal component analysis (PCA), is shown to dimensionally reduce the training data in
the forecasting models. The reduced data have been used to implement the Least Squares Support Vector
Machines (LS-SVM) in order to predict the photovoltaic (PV) power in the day-ahead time horizon. The
model has been validated using historical data of a PV system in the Mediterranean climate. Additionally
the weather variations have been taken into account to evaluate the outcome of the sunny and cloudy
condition in the PV forecasting models. The proposed technique gives fulfill results. A training data size
same as 30% original dimension allows to improve the forecasting accuracy and reduces the computational
time of 70% respect to an implementation without dimensionality reduction data.

& 2016 Elsevier B.V. All rights reserved.

1. Introduction

Nowadays the implementation of models for the prediction of
the output of a renewable power plant is a popular research topic
[1,2]. The generation systems prediction, as well the load fore-
casting, is essential into the electricity network. The predictions
are the basis for an efficient scheduling and dispatch of the energy
in the electric grid. Accurate forecasting methods reduce the op-
erating costs and enhance reliability associated with the integra-
tion of renewable systems into the existing electricity grid.

In the literature intelligent forecasting methods as artificial neural
networks (ANNs) have been widely used in developing wind and
solar forecast models [3–6]. However, ANNs require a complex
training process. In the recent years Kernel based estimation tech-
niques, such as Support Vector Machines (SVMs) and Least Squares
Support Vector Machines (LS-SVM), have been also applied as
powerful nonlinear regression methods suitable for renewable
power forecasts [7–9]. SVMs are more resistant to the over-fitting
problem with respect to ANNs and permit to achieve high general-
ization performance in solving forecasting problems of various time
series. LS-SVM is simpler and computationally less expensive, even if
presents the same advantages of the ANNs and SVMs models [10].

In [8] ANN and LS-SVM were compared. Authors underlined
that LS-SVM based models outperform ANNs in the prediction of
the photovoltaic power.

Usually the PV power time series show important seasonal
patterns (yearly, weekly, intra-daily patterns) that need to be ta-
ken into account in the modeling strategy. Furthermore the model
is trained on the times series data, but when the available dataset
is large, the learning model becomes more expensive in terms of
time and computational resources.

The PV power is affected by weather and topographic factors,
such as temperature, irradiance, humidity, which lead to large PV
power variations. Furthermore the measured data could contain
random fluctuations given by measurement errors and random
factors. The meteorological fluctuations influence the prediction
results with different impact on the forecasting accuracy if the
weather is sunny or cloudy [8]. Previous works [8,11,12] applied the
wavelet transform to reduce the noise contained in the data to be
used in the forecasts. The weather data are well correlated, this
permits the use of historical time series of these data to implement
forecasting models. Nevertheless the redundant information can
lead difficult modeling if the historical data, used as the model in-
put, are a highly correlated. The principal component analysis (PCA)
is one of traditional technique, extensively applied, to eliminate
redundant information and improve the accuracy of the forecast of
renewable power [13–15]. The PCA permits to extract essential
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features and to reduce high-dimensional data into low-dimensional
ones, which serve as inputs for the forecasting methods, as neural
network or support vector machine, with a reduction of the CPU
time. Some researchers used dimensionally reduction techniques in
the support vectors for short term load forecasting [16] or wind
prediction [17,18]. Despite its advantages, this technique has been
rarely applied in the field of photovoltaic power prediction.

The main goals are to build a forecasting model that takes into
account meteorological conditions together with the seasonal pat-
terns of the PV power and to investigate the model accuracy when a
dimensionally reduction is applied to the training dataset. The his-
torical time series which consist of hourly values of the PV power, the
module temperature, the ambient temperature and the plane of ar-
ray irradiance, recorded for a period of about 1 year, are used to learn
the model. In order to take into account the weather variation, as
sunny and cloudy conditions, additional parameters are introduced
in the learning set. This leads to an increase of the data set size.
Furthermore, an efficient method to dimensionally reduce the
learning data set is proposed based on the active selection of the
recorded hourly samples in accordance to the quadratic Renyi en-
tropy criteria and the implementation of the PCA to eliminate re-
dundant information. The reduction technique is tested to predict the
PV output power in a one-day head frame of a system located in a
Mediterranean climate implementing the LS-SVM. A detailed analysis
is carried out to evaluate the implemented models performance. The
executive time and the computational complexity of the hybrid
method are investigated.

This research will allow to improve the forecasting models
accuracy of the PV power production in view of the computational
resources needed to implement them.

This paper is organized as follows: the Section 2 describes the
theory regarding the LS-SVM, the quadratic Renyi entropy, the PCA
decomposition and the proposed procedure. In the Section 3 the
dataset and problem statement are presented. The metric to
evaluate the performance of model are illustrated in Section 4. The
results of the method to dimensionality reduce are discussed in
Section 5. Finally Section 6 states the conclusions of the paper.

2. Theory and methods

This section explains the theory that is the base of the proposed
model in the present work and how it is applied to forecast PV
power output in the proposed method.

2.1. Least square support vector machine

The Least-squares support vector machines allows to build a
nonlinear representation of the original inputs using positive-de-
finite kernel functions, based on a primal-dual formulation.

Given a training set of N data points, ={ } =x y,N k k k
N
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where ek is an artificial variable and γ is the regularization factor.
In order to solve this optimization problem, the Lagrange function

is defined as:
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where α ϵk are the Lagrange multipliers. The optimal conditions
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Applying the Mercer's theorem [19]:
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The Radial Basis Functi on (RBF) is introduced as kernel func-
tion K and defined as:
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where s is a tuning parameter. So, the solution in matrix notation
is:
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where Ω = ( )K x , xkj k j is the kernel matrix and α¼[α1,…….αN]T are
the variables in dual space. So, the approximate model of y is
expressed in following form:

∑( )= α ( )+ ( )=
y x K x,x b 8k
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So calculating α and b, it is possible obtain an estimation of y in
dual representation.

2.2. Approximation of the feature map for LS-SVM dual
representation

The solution of Eq. (8) permits to determinate α and b, it is
need to solve a system of size NxN that is unfeasible when the
number N is more large. Furthermore it is advantageous to have a
finite-dimensional approximation of the feature map
φ̂ → ≪  M N: ,d M . So, an expression for the approximation of the
feature map, based on the Nyström approximation [20–22], is gi-
ven as follows:

∑φ̂=
λ
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where λi,M is the i-th eigenvalue and the umi,M is the m-th element
of the i-th eigenvector for a MxM kernel matrix with i¼1,…M.
Hence, an M-approximation of y can be obtained replacing the
expression for the approximation of the feature map given by
Eq. (9) in Eq. (1):

φ^ = ^( )+ = … ( )y w x b m M1 10m m

The Eq. (10) requests a subsample of size M of the original
training set.
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