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ABSTRACT

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 combination 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.

Highlights

= A dimensionally reduction of the time series data, based on the quadratic Renyi entropy criteria and in
combination with PCA is shown.

= LS-SVM models are applied to predict the PV output power in a one-day head frame.

= Photovoltaic forecasting model is performed using the historical PV power data.

= The predicted method takes in account the weather fluctuation, as sunny and cloudy condition.

= The accuracy and executive time of the hybrid method has been investigated.
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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 forecasting, 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 operating costs and enhance reliability associated with the integration 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 techniques, 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
generalization 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 taken 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 input, 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 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 patterns of the PV power and to investigate the model accuracy when a dimensionally reduction is applied to
the training dataset. The historical time series which consist of hourly values of the PV power, the module temperature,
the ambient temperature and the plane of array 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 entropy criteria and the implementation of the PCA to eliminate redundant
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-definite kernel functions, based on a primal-dual formulation.

Given a training set of N data points, Dy = {x;, y }r_,where x, € R? is the k-th input data and y, € R is the k-th

output data, a regression model can be constructed using ¢: R — RS unknown function map of the input space:

Ye=wel)+b k=1..N @)

where w e R® is the weight vector and b € R is the bias term. The regression equation is transformed into an

optimization problem with constraint that means to minimize a cost function:

2)
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where e, is an artificial variable and y is the regularization factor. In order to solve this optimization problem, the

Lagrange function is defined as:

Lw,b,e,a) = Jw,e) = XN_, ar{ykwo(x,) + bl —1+e,} k=1..N 3)
where a;, € R are the Lagrange multipliers. The optimal conditions are:
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Applying the Mercer’s theorem [19]:
®)
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The Radial Basis Function (RBF) is introduced as kernel function K and defined as:

lxic— x>
K(xk, x]-) = exp (— le (6)

where o is a tuning parameter. So, the solution in matrix notation is:



[ - B o

where Q; = K(xk, x]-) is the kernel matrix and o =[a,....... on]" are the variables in dual space. So, the approximate

model of y is expressed in following form:
y(x) = 3N o K(x,x) + b (8)
So calculating a 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 a and b, it is need to solve a system of size N x N that is unfeasible
when the number N is more large. Furthermore it is advantageous to have a finite-dimensional approximation of the
feature map ¢: R - RM, M « N. So, an expression for the approximation of the feature map, based on the Nystrom

approximation [20-22], is given as follows:
~ M oM
= \/ﬁ Ym=1 umi,MK(X' Xm) 9

where 2;  is the i-th eigenvalue and the up,;y is the m-th element of the i-th eigenvector for a M x M kernel matrix
with i=1,...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):
I =wd(x,)+b m=1.M (10)
The Eq. (10) requests a subsample of size M of the original training set.
2.3. Active selection of the support vector based on quadratic Renyi entropy criteria

The subsample selection is a very important step of the algorithm because it influences the model accuracy. The
selection criteria can use a random selection or an active selection. A popular active selection method, based on the

density distribution of the sample, consists to maximize the quadratic Renyi entropy [23 - 24].

Given a training subset of M data points with different probabilities {py,...pm}, the Renyi entropy of order a (o> 0, o #

1) is defines as [25]:



Ho(x) = 1 log(Zh-1 pm®) (11)

It measures the degree of the set randomization. More random samples involve more large entropy [26 - 27]. A case of

particular interest is =2, noted as quadratic Renyi entropy.

If the probability density function is a Gaussian function, the quadratic Renyi’s entropy can be calculated as follows

[20, 28]:

Hy(0 = = log (5 ZM M K (x,%) (12)

The quadratic Renyi entropy can be used as criteria to select a subsample of dataset based on the high value of the

entropy [29]. The active selection algorithm for a training subset is shown in Table 1.
2.4. Principal Component Analysis

The Principal Components Analysis (PCA) is a statistical technique that allows to reduce the size of the original data
set, taking in to account the uncorrelated variables and removing the redundant information. The PCA technique is
based on the research of the most significant variations of the variables [30]. The covariance method is one of approach

to the computing PCA [31].

Given a dataset S of dimensions Q x M where M is the observations number of Q variables, it is possible to reduce a

new subset, represented by L variables, L< Q. A matrix B of dimension M x Q is defined as:
B=S§—-hu" (13)

where ulj] = %Z}\il S[i,j] and h[i] = 1 with j=1...Q and i=1...M. The Q x Q covariance matrix C of matrix B is:

_ _1 T
C_M—lBB (14)

The D diagonal matrix Q x Q of eigenvalues of C
D[k, 1] = X fork=1 D[k, 1] = 0 fork #1 (15)

where Ay is the kth eigenvalues of the covariance matrix C. The Q x Q eigenvectors matrix V that diagonalizes the

covariance matrix C is:



V=iV =D (16)

Furthermore V contains Q column vectors, each of length Q, which represent the Q eigenvectors of the covariance
matrix C. It is need sort the columns of the matrix V in order of decreasing eigenvalue of the matrix D. The columns of

Q x L matrix W are the first L columns of V as:

W[k 1] = V[k 1] (17)

with k=1,..Q and I=1,...L where L<Q.

Hence the dataset S can be transformed into a new M-by-L space by:

S=BW (18)

In the PCA it is necessary to choose an appropriate number of the components in order to not worsen the accuracy of
the predicting model [32]. Generally, the first principal component defines the highest percentage of the variance of the

samples and the second one refers to the next highest variance.

2.5. PV forecasting method with dimensionally reduction of training dataset

The dimensionality reduction preprocessing method, as explained previously, can be applied to the training dataset
for the PV output power prediction by LS-SVM

The original training dataset is a N-by-P matrix, where N rows represent the observations of P monitored parameters
at every time instant. The dimensionally reduction of the training set consists to select M rows (M<N) and R columns
(R<P) starting from the original training matrix without loss the information.

The value M that represents the number of the support vectors is freely chosen by the user. The maximum value of
M that can be used depends on the computational resources and the features of the dataset.

Fixed M, the quadratic Renyi entropy criteria is used to select a subsample of dataset. So a new data matrix is
obtained of dimension M x P, whose rows represent the perfect vector (PVT). Subsequently in order to reduce further
the size of each support vector, the PCA has been performed, eliminating the principal components that contribute less
than 2% to the total variation in the data set. The identification procedure of the PVT in combination with the
decomposition through the principal components (PVTPC technique) produces a new training dataset of reduced
dimension M x R that is used for the training of the LS-SVM in the prediction the PV power (Fig. 1).

In the present study the RBF has been chosen as the kernel function. During the training of LS-SVM an optimal

selection of the regulation constant of the cost function y and the tuning parameters ¢ of the kernel function has been



performed using a 10-fold cross-validation procedure, maximizing the performance of each implementation. Table 2
shows the main steps of the proposed approach to forecast PV power using the LS-SVM with the dimensionally

reduction PVTPC technique of training data.
3. DATASET AND PROBLEM STATEMENT

The collected data are related to the PV systems, sited in the campus of the University of Salento, in Monteroni di
Lecce (LE), Puglia. More details of the PV systems are reported in [33 - 36]. The A, time series dataset consists of F
hourly values of the main parameters recorded for a period of about 1 year, from March 2012 until March 2013 (9.192
hourly records). In particular the collected data are:

e  the PV power, P (kW)

e  the module temperature, T,, (°C)

e the ambient temperature, T,(°C)

e the irradiance on plane of module with tilt 3, I3 (W/m?)

° the irradiance on plain of module with tilt 15, 15 (W/rn2 ).

For each hour i of the observed records, the normalized PV power value has been calculated as follows:
s, P(i
P(i) = m (19)

Fig.2 shows the normalized hourly PV power for one week of four months (May, August, November and February),
observing the power changes within the time of the day and the months. Furthermore an irregular trend of PV power is
observed in several hours of some days.

To better take into account this behavior, the clear sky irradiance model was used. When the solar radiation passes
through the atmosphere, it is subjected to phenomena of scatting and absorption by air molecules, water, and dust.
Hence the solar radiation on the surface of the earth is lower than in the extraterrestrial radiation. In the clear sky model
the atmosphere is neglected and the solar radiation on the earth’ surface is equal to the solar radiation outside the earth
[37].

In this paper a PVGIS (Photovoltaic Geographical Information System) tool, development by Joint Research Center
— Institute for Energy and Transport (JRC IET) and available at webpage [38], is used to evaluate the hourly clear sky

irradiance on tilted plane 3° and 15° at the Latitude 40°21' - Longitude 18°11".

The difference between the measured (Iy) and clear sky (I, ) irradiance is estimated as follows:



Iskey k(D= I (D)
Iy

G (D) = i=1...F (20)

where I;=1.000W/m? is the solar radiance at Standard Test Condition and k is equal to the inclination of modules (3° or

15°).

Considering the tilted of PV modules equal to 15°, the measured irradiance data I and the difference Gy are normalized
as follows:

. 115 (i) . Isky,15 () , G (D)
I = lis® I = skvaslh G =_ K9 21
150 (1) Max_ (I;5()) sky15:n (1) Max{_; (Isky,15(1) kn(D Max{_, (Gk(D) @1

Fig. 3 shows Ijs,, Iyy1s, and Gis, on one week for each considered months. As expected, the gy s, s always higher
than I;5,, because of neglecting the effects of the atmosphere. It is evident the seasonal variability in irradiance, as

expected, the normalized measured irradiance in spring (May) is higher than in winter (February).

Furthermore the irradiance behavior is well related to the weather conditions and permits to identify the sunny days
when the trend of I;5,, is quite regular, therefore G5, is low, while cloudy days correspond to fluctuation of I;5, and
peaks of Gis .

Hence it’s evident that the irradiance has an hourly variation, seasonal dependence and its behavior is related to the
different weather conditions, consequently the PV power is influenced by the effects of the sunny or cloudy days and
the seasons.

For this reason an efficient prediction technique of the PV output power in a short time should take into account the
different weather conditions. This leads to increase the training dataset dimension with high computational and
temporal resource requirements. A possible solution to optimize the resource consists in the dimensionally reduction of
the original data without loss information. Hence, a main aim of this study is the implantation of a suitable method to

dimensionality reduce the training data sets.
4. PERFORMANCE EVALUATION

A code in Matlab® software, with the LS-SVMIab Toolbox [39], was developed using a PC equipped with a
Intel(R) Xeon(R) CPU E5-1650 3.20 GHz CPU and 8-GB RAM for showing the applicability of the proposed method.
The performance of the proposed algorithm is evaluated by the Normalized Mean Absolute Error (NMAE) that is

defined as:

NMAE(h) = (5= ZiFlen (D) (22)



where i is the generic hour of the predicted data from 1 to the number of the testing sample Nrg; h is hourly prediction

horizon and the ey (i) is the normalized error defines as follows:

en() = Th() — B(D) (23)
where
~ . B(i)
P,(i)) = —x7—— 24
h(D Max)\TS (Pp (i) 9

is the normalized predicted PV power at generic hourly instant i for the time horizon h;

& re Th(D)
T, = —_—— 25
n() Max; 'S (Tp (i) 3)

is the normalized PV power value used as testing data at hour i for time horizon h. The target at the h prediction time

horizon has been defined as the sum of the next h values at hour i of the power values as:

T,(i)) =YHhp(k) Vvh=1,2,3...24 (26)
5. RESULTS AND DISCUSSION

A preliminary analysis of the impact of the weather conditions on the PV power prediction has been carried out
taking into account different input vectors to learn the LS-SVM which has been performed to predict the PV power in
the day-ahead time frame.

A sample of 4 months (May, August, November and February), approximately the same as the 65% of records (N=6.336
hourly observations) has been used to train and the 35% remaining of data (N1s=2.856) to test the model. The value of
M has been chosen equal to M;=192, M,=672 and M;=1920 which represent two, seven and twenty days for each
season.

5.1. Definition of the input vectors

Three different input vectors (IV) of the available historical values of exogenous variables have been defined in order to
take in account the dynamic variations of PV power at different weather conditions. The first IV (IV1) is composed by
the collected hourly data as previously described. In the second one (IV2), in order to follow the weather fluctuations,
the difference Gy between the measured and clear-sky model irradiance value (Eq. 21) has been replaced to the
measured irradiance values of IV1. A third input vector (IV3) considers the IV2 and in addition the hourly instant and
the season at which the data have been measured. The use of [V3 allows to track the daily and seasonal cycle of the PV
power. The “season” variable has been considered by introducing a numerical vector {1, 2, 3, 4} to identify the four

seasons: spring, summer, autumn and winter (Fig.4).



5.2. Forecasting model results

Firstly, the LS-SVM without dimensionally reduction of the training data has been applied using the three input
vectors in order to evaluate the NMAE and to compare the performance. Fig. 5 plots NMAE in the day-ahead time
frame. When the time horizon increases, the NMAE increases more quickly in cases of IV1 and IV2 than IV3. It’s clear
that the highest NMAE is obtained for the training based on IV1 and that the IV3 better performs the LS-SVM for all
investigated look-ahead horizons with NMAE in the range [2%; 12%].

Fig.6 and Fig.7 show the normalized forecasted PV power (Eq.24), implementing the three different IV for 1h and

12h time horizons. The comparison with the normalized target (Eq. 25) is plotted for the second week of each month of
the test. A good agreement between the target and forecasted values of all models is evident at 1h. Instead at 12h, the
models have a tendency to underestimate the PV power during the hot months and overestimate during the cold month
and in the cloudy days.
To better understand this behavior, in Fig.8 and Fig.9 the normalized error, as defined by Eq.23, is plotted together with
the normalized value Gjs, that allows to track the weather variations. In general the normalized error is in the range [-
0.2; 0.2], so it’s lower at 1 hour than 12h ahead prediction time. Substantial differences for the three models are not
evident, they mainly follow the same trend. In particular, focusing on 1 hour prediction horizon, high values G;s, lead
to high values of the error ey that assumes positive polarity when the G5, increases and negative polarity if the G,
decreases. At this horizon, the error appears more dependent by the parameter Gs,. Instead at 12h prediction horizon
high errors occur even if the G5, assumes a value near to zero. In particular in sunny days (G;s,~ 0), the IV1 and IV2
underestimate the PV power during the hot months and overestimate in the autumn and winter. Differently, the IV3
seems to be less affected by the parameter Gys .

Furthermore, the IV3 is able to track the fluctuation of PV power at different weather conditions with the better
performance. Hence, the IV3 has been chosen to implement the PVTPC technique.

The three dimensionality reduced datasets have been used to train the LS-SVM in order to forecast the PV power at
five time horizons (1h, 3h, 6h, 12h and 24h).

The predicted PV power by each subsample M is compared with the target value for the five analyzed horizons (Fig.
10 and Fig. 11). At 1h time horizon the forecasted values of all subsamples are quite in agreement with the target. An
evident overestimation is evident in the autumn and winter and at the cloudy days of the spring and summer.

To evaluate the forecasting performance for each subsample, the NMAE has been calculated and plotted in Fig. 12.
The results show that the LS-SVM improves its accuracy with larger values of M. The use of M, leads to lower
performance with respect to the M, and M; at 1h time horizon. When the time horizon increases, the difference between

M, and M, becomes less noticeable. Significant improvements are obtained in case of M.



In Fig. 13 the error statistical distributions have been also plotted at five time horizons. For all subsamples the trend
is quite similar. For each training subset M, the highest values of the probability are given when the errors assume
values in the range [-30%; -20%]. Hence the forecasted PV power is generally underestimated by the proposed strategy.
Better results are obtained with M;. When the time horizon increases, the probability decreases. For long time horizons,
the histograms are flat. It means that the models have equal tendency to overestimate or underestimate.

Finally, the NMAE of the proposed technique PVTPC with Mj is plotted in Fig.14 and compared with the
performance of the ANN and LS-SVM with Wavelet Decomposition (WD), which were analyzed in [8]. It’s evident
that the novel approach presents the best results with a substantial reduction of the prediction error for each time
horizon.

Additionally, the CPU time has been estimated and compared for implemented models at 24h prediction time
horizon as reported in Table 3. In the analysis of the executive time, the method based on PCA-LSSVM without the
dimensionally reduction of the IV3 (LS-SVM PCA 1V3) and the PVT method without the PCA decomposition for three
subsamples (LS-SVM PVT IV3 — M;; LS-SVM PVT IV3 — M,; LS-SVM PVT IV3 — M;) have been taken into account.
As expected, the model simulation with IV3 requests more time because the number of input variables is greater than
IV1 and IV2. In LS-SVM PCA 1V3, the PCA introduces not significant reduction of the executive time. The LS-SVM
PVT allows to test the models with a computation time reduced of the 70% with respect to the baseline case with all the
observations. The LS-SVM PVTPC and LS-SVM PVT are different of few seconds. It means that the reduction of the
computational time is mainly given by the PVT method rather than by PCA, with final results very satisfactory.
Computational complexity of the proposed algorithm is analyzed. With reference to the step 2 of the Algorithm 2 (Table
2), the entropy value (Eq.12) is given by the sum of all elements of kernel matrix that has a computational cost of M?
[29, 40]. In Algorithm 1 (Table 1) for each time a new sample vectors is considerate thought the active selection
therefore the new entropy value has to be compute that replaces the previous one and then can be removed from the
memory [29]. At the step 3 the PCA takes O(M’Q) time to compute the covariance matrix and O(M’) time to
eigendecompose it [41].The kernel matrix is again computed using the decomposed set Sy, with a computational cost of
M? at the step 4. The calculating the Nystrdm approximation with eigenvalue decomposition of the kernel matrix
requires O(M® + M?N) at the step 5 [29, 42]. The total complexity of the proposed method is then given by the sum of
each complexities (2 + Q + N) M? + NM". Considering that the number of sample N is fixed and the number variables

Q<<N and, the resulting complexity depends on M approximately as NM*+ NM? and the algorithm is O(M*).

6. CONCLUSION



In this work the LS-SVM model has been applied to predict the photovoltaic power at different time horizons up to
the day-ahead time. An analysis of the external variables has been carried out to define the parameters that more
influence the training of the model. Furthermore in the definition of the input vector of the forecasting model, in
addition to the historical power output data, it is necessary to take into account the measured irradiance, related to a
clear-sky model in order to include the meteorological variations in terms of sunny and cloudy weather. Hence, three
different input vectors have been identified and a sample set of N= 9192 observations has been implemented in the LS-
SVM. The results show that an appropriated choice of the external variables in the training dataset leads to significant

improvements, with a decrease of the forecasting error up to 10% at long prediction time horizon.

The PVTPC dimensionally reduction technique has been also applied. Three subsamples of support vectors with
different dimensions have been selected based on the quadratic Renyi entropy criteria and reduced again with the
classical principal component analysis. The results show that a number of support vectors M equal to 30% of the
dimension of original training set leads to a decrease of the NMAE of 4% in the prediction at 24 hours with respect to
cases in which M is smaller. Also it is observed a reduction of the computational time of 70% respect to the case in

which all the original observations have been used for the training.

The efficient selection of the support vectors depends on the computational resources. Even if the computational
complexity of the proposed technique is higher than that of the simple method, it allows to improve the prediction
performance. This aspect is particularly important for the online implementation in the electric market. Forecasting

models with high performance permit to reach the greatest revenue with lower costs for unbalancing penalty.

In future studies, techniques of dimensionally reduction will be developed to avoid the redundancy of the input data

that represent the same external variables.
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