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This paper presents an application of Artificial Neural Networks (ANNs) to predict daily solar radiation.
We look at the Multi-Layer Perceptron (MLP) network which is the most used of ANNs architectures. In
previous studies, we have developed an ad-hoc time series preprocessing and optimized a MLP with
endogenous inputs in order to forecast the solar radiation on a horizontal surface. We propose in this
paper to study the contribution of exogenous meteorological data (multivariate method) as time series to
our optimized MLP and compare with different forecasting methods: a naïve forecaster (persistence),
ARIMA reference predictor, an ANN with preprocessing using only endogenous inputs (univariate
method) and an ANN with preprocessing using endogenous and exogenous inputs. The use of exogenous
data generates an nRMSE decrease between 0.5% and 1% for two stations during 2006 and 2007 (Corsica
Island, France). The prediction results are also relevant for the concrete case of a tilted PV wall
(1.175 kWp). The addition of endogenous and exogenous data allows a 1% decrease of the nRMSE over a 6
months-cloudy period for the power production. While the use of exogenous data shows an interest in
winter, endogenous data as inputs on a preprocessed ANN seem sufficient in summer.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction

We present the results of the prediction of global radiation time
series using Artificial Neural Networks (ANNs) which are a popular
artificial intelligence technique in the forecasting domain [1e6].
Inspired by biological neural networks, researchers in a number of
scientific disciplines are designing ANNs to solve a variety of
problems in decision making, optimization, control and obviously
prediction [7e11], and more particularly time series prediction. A
Time Series (TS) [12,13] is a collection of time ordered observations
xt, each one being recorded at a specific time t (period). TS are used
in a wide set of domains such as finance, production or control, just
to name a few. A TSmodel ðxtÞ assumes that past patterns will occur
in the future. TS prediction or TS forecasting takes an existing series
of data xt�k,., xt�2, xt�1 and forecasts the xt data values. The goal is
to observe or model the existing data series to enable future
unknown data values to be forecasted accurately. Thus a predictionbxt can be expressed as a function of the recent history of the time
series, bxt ¼ f(xt�1, xt�2, ., xt�k) [14]. There are a lot of methods to
construct this model, some of the best predictors found in literature
x: þ33 4 95 45 33 28.
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are ARIMA [13,14], Bayesian inference [15,16], Markov chains
[17,18], k-Nearest-Neighbors predictors [19,20] or ANN [21]. In
previous studies [22,23], we have demonstrated that an optimized
ANNwith endogenous inputs can forecast the global solar radiation
with acceptable errors. An ANN is made up by simple processing
units, the neurons, which are connected in a network by synaptic
strengths (weights), where the acquired knowledge is stored. There
are a lot of different ANNs that diverge on several features, such as
the learning paradigm or the internal architecture [3]. We partic-
ularly look at the Multi-Layer Perceptron (MLP) network which has
been the most used among ANN’s architectures both in the
renewable energy domain and in the time series forecasting. In
a MLP, neurons are grouped in layers and only forward connections
exist. This provides a powerful architecture enable to learn any kind
of continuous nonlinear mapping. A typical MLP consists of an
input, hidden and output layers (see Fig. 1).

Other components include neurons, weights and a transfer
function. An input xj is transmitted through a connection which
multiplies its strength by a weight wij to give a product xjwij. This
product is an argument to a transfer function f which yields an
output yi represented by yi ¼ f ðPn

j¼1 xjwijÞ where i is a neuron
index in the hidden layer and j is an input index to the neural
network. Training is known as the process of modifying the
connection weights in some orderly fashion using a suitable
tificial neural network dedicated to the multivariate forecasting of...,
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Nomenclature

Time series nomenclaturebxt , bxd;y Radiation time series model at time t and at day d and
year y.

xt, xd,y Radiation time series data at time t and at day d and
year y.

yt Exogenous time series data at time t.
St, Sd,y Stationary time series (clear sky index) for the day

d and the year y or for the time t.

Clear sky model
Hd
gh;clearsky Clear sky global horizontal irradiance [MJ/m2]

integrate on the day d.
H0 Extraterrestrial solar radiation coefficient [MJ/m2].
s Global total atmospheric optical depth.
H Solar elevation angle.
B Fitting parameter of Solis clear sky model.

Correlation analysis
rk Autocorrelation factor estimation for time lag k.
rkk Estimation of partial autocorrelations for time lag k.
R Cross-correlation estimation.

LevenbergeMarquard algorithm
Dx Parameter to optimize.

J Jacobian matrix.
I Identity matrix.
e(x) Error term.
m Specific algorithm parameter.

Meteorological parameters
P Pressure average [Pa].
DGP Daily gradient pressure [Pa].
N Nebulosity, cloudy height class [Octa].
T Ambient temperaturemaximum (TM), minimum (Tm),

average (Ta) and night (Tn) at 3:00 AM [�C].
Ws Wind speed, Average at 10 m [m s�1].
PKW Peak wind speed, Maximum speed at 10 m [m s�1].
Wd Wind direction measured at 10 m [deg].
Su Sunshine duration, direct irradiance from the Sun of at

least 120 W m�2 [h].
RH Relative humidity, Water vapor in the air [%].
RP Rain precipitations measured in standard rain gauge

[mm].

Frontage PV parameters
Epv,ac/dc Photovoltaic wall power (MJ).
hPV Plant efficiency (%).
Ib Daily global radiation (tilt of b) [MJ/m2].
S Surface of PV wall [m2].
PR Performance ratio of the PV plant.
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learning method or training algorithm. In this process an input is
presented to the network along with the desired output which is
a real observation and the weights are adjusted so that the neural
network attempts produce the desired output. Another issue
involved in designing and training an MLP network is to find
a globally optimal solution that avoids local minima. Several
methods have been tried to avoid these local minima and the
simplest is to try a number of random starting weights and use the
one with the best value.

In this present paper, our aim is to answer two questions: how
the use of exogenous variables with ANN (multivariate method)
increases the quality of prediction and so, how to select the
appropriate data?We try to answer these questions in three points.
First, we propose a useful methodology to optimize the ANN.
Among other things we explain how to choose the network inputs,
meaning optimize the number of endogenous and exogenous
variables and lags (delays in information between network nodes).
Secondly, we test this methodology comparing the performances of
the optimized ANN obtained with an ANN taking into account only
endogenous inputs. Finally, we validate all approaches using the
ANN proposed and other predictors (persistence, ARIMA, ANNwith
only endogenous input) to forecast the AC production of a PV plant.
All the data used come frommeteorological stations located on the
island of Corsica (France) which is characterized by a Mediterra-
nean climate and a hilly terrain. The paper is organized as follows:
Fig. 1. Example of an MLP (left) and details of an neuron from the hidden layer (right).
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Section 2 describes the context inwhich this researchwas done and
the data we used. Section 3 describes the methodology used: the
time series preprocessing, the ANN configuration and how we
added endogenous and exogenous parameters at different time
lags. The results for the prediction of global horizontal radiation are
shown and commented in Section 4 where the global approach is
also validated on a 80� tilted PV plant.
2. Context and presentation of data

In this work, measured global daily radiation data from
meteorological ground stations are used to forecast global solar
irradiation for the next day [24]. The global radiation consists of
three components: direct, diffuse and ground-reflected radiations
[21,25e28]. The ground-reflected radiation does not concern the
first part of this work because we try to predict the radiation on
a horizontal surface. For clear sky, global radiation is relatively
easy to model because it is primarily due to the distance from the
sun sensor [29,30]. With cloudy sky, we are in front of a mostly
stochastic phenomenon, which depends on the local weather. In
Corsica, the official meteorological network (from the French
Meteorological Organization called Météo-France) is very poor:
only three sites being about 50 km apart are equipped with pyr-
anometers and are enabled to measure semi-hourly global hori-
zontal radiation (MIRIA Stations of Degreane industry). Only two
of these are equipped with standard meteorological sensors
(pressure, nebulosity, etc.): Ajaccio (41�55’N and 8�48’E, seaside,
4 m a.s.l) and Bastia (42�33’N, 9�29’E, seaside, 10 m a.s.l). Both
locations have a ‘Mediterranean’ climate, hot summers with
abundant sunshine and mild, dry, clear winters. The stations are
located near the sea but there is also relief nearby (40 km from
Ajaccio and 15 km from Bastia) making nebulosity difficult to
forecast. The data representing the global horizontal solar radia-
tion were measured on a half-hourly basis from January 1998 to
December 2007. Half-hourly measured data are transposed in
tificial neural network dedicated to the multivariate forecasting of...,



Fig. 2. (a) Daily measured horizontal irradiation (Ajaccio, 1998) ; (b) Impact of the stationarization on the original time series.
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hourly data, which are integrated to produce a new daily data set.
The daily time step has been chosen considering the needs of the
suppliers who are interested in the estimation of the fossil fuel
saving for their electrical thermal plants (191 MW in Corsica,
w30%). A first treatment allows us to clean the series of non-
typical points related to sensor maintenances or absence of
measurement. Less than 4% of measurements were missing and
replaced by the hourly average for the given day. The other
meteorological parameters available and studied from January
1998 to December 2007 are pressure (P, Pa; average and daily
gradient,1 measured by numerical barometer during 1 h), nebu-
losity (N, Octas), ambient temperature (T, �C; maximum,
minimum, average and night,2 measured during an half hour),
wind speed (Ws, m/s; average at 10m, measured during the 10 last
minutes of the half-hourly step), peak wind speed (PKW, m/s;
maximum speed of wind at 10 m, measured during 30 min), wind
direction (Wd, deg at 10 m measured during an half hour),
sunshine duration (Su, h, computed with the global radiation
series and a power threshold equal to 120 W m�2), relative
humidity (RH, % instantaneous measure at the end of the half-
hour) and rain precipitations (RP, mm, 5 cumulative measures of 6
minutes during the half-hour). The data are transposed into
hourly measures by the Météo-France service and are available on
the official website.3

3. Methodology

In this section we introduce the methodology we follow to
forecast global solar irradiation for the next day. First, we present
the main steps of an ad-hoc time series processing used to deter-
mine a stationarization methodology for the daily signal. The next
sub-section details the ANN architecture and how we have con-
structed it. In the last sub-section, we present how we have added
endogenous and exogenous parameters at different time lags.

3.1. Time series processing

The prediction of the solar energy time series on the earth’s
surface can be perturbed by the non-stationarity of the signal and
the periodicity of the phenomena [31e33,13] (Fig. 2a). We have
used physical phenomena in an attempt to overcome the season-
ality of the resource (determinist component). In daily case, sea-
sonality is observed on the annual period. According to previous
experimentations on horizontal global radiation [31,13] and
specially in Corsica [22,23], we have developed a method in order
to make the series stationary in an attempt to increase the
prediction quality. Our method is based on the clear sky model
1 Difference between the mean pressure of day j and day j�1.
2 Measured at 3:00 AM.
3 http://climatheque.meteo.fr.
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(with the clear sky index). Several methods allow to determine this
model. In our case, we have used the simplified “Solis clear sky”
model [34,35] based on radiative transfer calculations and the
LamberteBeer relation. In this case, the clear sky global horizontal
irradiance (Hgh,clearsky) reaching the ground is defined by:

Hgh;clearsky ¼ H0$e
�
�
s=sinbðhÞ

�
$sinðhÞ (1)

where s is the global total atmospheric optical depth, h is the solar
elevation angle and b is a fitting parameter. According to Refs.
[34,35] and after several experiences, we have chosen a s ¼ �0.37
and a b ¼ 0.35. The daily integration of the Hgh;clearsky parameter
allows to determine the daily solar radiation Hd

gh;clearsky. We have
validated the Solis model on a horizontal global radiation with
a couple of tests considering one year of daily solar radiation data
that are not presented in this paper. We obtain a relation of sta-
tionarization Eq. (2) where X is the measure and S the new time
series, (d is the day for year y):

Sd;y ¼ Xd;y=H
d
gh;clearsky (2)

This treatment aims to create a new distribution without peri-
odicity (Fig. 2b). Moreover the new series generated is equivalent to
a nebulosity signal. Ideally, the values are fixed to 1 and decrease
with cloudy occurrences. The values superior to 1 are generated by
errors measurement, or by the stationarization method which is
occasionally not adapted. Obviously, the effect of the proximity to
the sea and the mountains are difficult to take into account in
a single clear skymodel. The values greater than 1 are not corrected
during the estimations.

Once the stationarization has been done we have to follow the
process in order to find the best network configuration.
3.2. ANN configuration

The next step of the methodology has been to find the best ANN
configuration. The optimization used is composed by four inde-
pendent and chronological subparts:

- Choice of the ANN architecture.
- Choice of the endogenous lags number.
- Choice of the exogenous lags numbers for each parameters:
pressure, pressure variation; wind direction; peak wind,
humidity; sunshine duration; nebulosity; precipitation; mine
maxemean ambient temperature, night ambient temperature
and wind speed.

- Optimization of the ANN: data normalization, hidden neurons
number, etc.

We have tried to study all the parameters available in this
network architecture. The principal parameters which influence
the number of local minima, the network complexity and the
tificial neural network dedicated to the multivariate forecasting of...,
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difficulty of the learning phase are: the inputs number i.e., the
number of endogenous time lags and the number of exogenous
inputs and time lags for each of them; the hidden layers number
and their neurons number; the activation (or transfer) function; the
learning algorithm and the comparison function used during the
learning phase. Additionally, the normalization of data, the learning
sampling size and the data distribution between learning, test and
validation phases must be taken into account. For convenience we
have chosen to optimize the parameters separately with an intui-
tive order of preference. So we have optimized parameters by
considering each other constant. The optimization of Pi parameter
(where i � M, M is the total number of optimization parameter)
consists on finding the parameter value which minimizes the
forecasting error (dE ¼ 0). Applying this naive assumption, the
optimization is therefore to consider separately the parameters:

dE ¼
XM
i¼1

vE
vPi

$dPi with ci; j PitPj0
vE
vPi

¼ 0 (3)

To exploit the optimization assumption, we developed a chro-
nological process which consists of a sequence of optimization
parameters. At each stage we have used the best configuration
obtained in the previous steps. We particularly look at the MLP
architecture because it has been the most used both in the
renewable energy domain and in the time series forecasting. The
basic architecture for an MLP application to time series forecasting,
fixes number of past values in the input layer and the output is
required to predict a future value of the time series [36]. The MLP
has been computed with the Matlab� software and the Neural
Network toolbox. The obtained characteristics are: one hidden
layer, the activation functions are hyperbolic tangent (hidden) and
linear (output), the LevenbergeMarquardt learning algorithm
(with amax fail parameter before stopping training equal to 5). This
algorithm is an approximation to the Newton’s method [37] and is
represented by the Eq. (4):

Dx ¼
h
JT ðxÞ$JðxÞ þ mI

i�1
JTðxÞ$eðxÞ (4)

In our case, the parameter m takes the value 0.1 and 0.001 when
the error, respectively, decreases or increases. Inputs are normal-
ized on {�1,1}. Training, validation and testing data sets were
Fig. 3. Detail of the overall
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respectively set to 80%, 10% and 10% (Matlab parameters). These
phases concern the 8 first years and the global solar radiation
forecasting the 2 last years. The next part explains the methodology
used to find out the number of endogenous lags which will be put
together with the exogenous ones in the input layer of the MLP (see
details on Fig. 3).
3.3. Methodology to select the time lags for endogenous and
exogenous parameters

One of the key tasks in time series forecasting is the selection of
inputs variables [38,39]. Indeed we studied how to add efficiently
endogenous and exogenous parameters at different time lags using
correlation criteria and validation test based on student T-test.
Since ANNs are non linear, their calculations give an indication
rather than a standard tool for finding useful variables and lags [38].

3.3.1. The endogenous case
In this sub-section, we present how we have determined the

number of endogenous time lags to take into account as inputs of
theMLP.We have chosen to follow some of the principles of the Box
and Jenkins [40] autoregressive integrated moving average
(ARIMA) methodology. The Box and Jenkins approach has been one
of the most widely used linear models in time series forecasting. As
proposed in this methodology, Partial autocorrelation function
(PACF; rkk) which is an extension of the AutoCorrelation Function
(ACF; rk) aims at identifying the extent of the lag in an autore-
gressive model. We decided to use it in order to select the best
endogenous time lag for the neural network input. Using PACF
allows to select only the time lag correlated with the future step. It
can be considering as follows, it gives the autocorrelation between
xt and xt�k, when the linear dependences of xt�1 through to xt�kþ1
have been removed. In other words the PAC is similar to autocor-
relation, except that when calculating it, the (auto) correlations
with all the elements within the lag are partially out. In practice, the
last rkk (different to zero) leads to take into account k endogenous
clear sky index in the network input layer.

To compute the PACF, we have to consider the ACF. The ACF
estimation ðrkÞ is computed from the chronological series Eq. (5)
[16].
real system prediction.

tificial neural network dedicated to the multivariate forecasting of...,



Fig. 4. Partial autocorrelation of the clear sky index (Bastia case on left and Ajaccio case on right). The lines around zero represent the upper and lower bounds of the PACF 95%
confidence interval.
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rk ¼
XN

t¼kþ1

ðxt �xÞðxt�k�xÞ
, ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

t¼kþ1

ðxt �xÞ2
XN

t¼kþ1

ðxt�k�xÞ2
vuut

(5)

The empirical estimation of partial autocorrelations, noted rkk,
are obtained from theoretical partial autocorrelation rkk by
replacing the ri by their estimations ri. One of the best represen-
tations of the PACF is a succession of determinant ratio defined by
rkk ¼ jP*k j=jPkj Where

Pk ¼

266664
1 r1 . . rk�1
: 1 :
: : :
: : :

rk�1 . . 1

377775 (6)

jP*k j is the determinant of the matrix Pk where the last row is
replaced by the vector ½r1.rk�. From k > 3, it is generally easier to
use the recursive formula:

rii ¼

8>>><>>>:
r1 if i ¼ 1

ri�
Pi�1

j¼ 1

ri�1ri�j

1�
Pi�1

1

ri�1rj

i ¼ 2.k (7)

Finally, in order to quantify the time lags which are significantly
correlated, we have to consider the 95% Confidence Interval of the
PACF. This interval is the same as the 95% CI of the ACF which is
given by CI ¼ �1:96

ffiffiffiffiffiffiffiffiffi
1=N

p
. This formula is obtained considering

that the distribution of estimator follows asymptotically a normal
distribution. The Student’s T-test (introduced by William Sealy
Gosset in 1908) has been used to verify that the correlation coef-
ficients were significantly different from zero.

This process of endogenous input lags selection is easy to
perform graphically and is presented latter in this paper (Section 4).
3.3.2. The exogenous case
A correlation measure is computed in order to determine which

of the exogenous parameters are to consider. The correlation
between two variables reflects the degree to which the variables
are linked (considering the limitation that correlation criteria can
only detect linear dependencies between variables). The most
common correlation measure is the Pearson’s correlation. A
correlation of þ1 (or �1) means that there is a perfect positive (or
negative) linear relationship between variables and a value of
0 implies that there is no linear correlation between the variables.
The Pearson correlation coefficient between two variables is
defined as R ¼ covðX;YÞ= ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

varðXÞvarðYÞp
, where cov designates the

covariance and var the variance. For a TS, the estimation of R is
given by Eq. (8):
Please cite this article in press as: Voyant C, et al., Optimization of an ar
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R ¼
XN
k¼1

ðxk � xÞðyk � yÞ
, ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

k¼1

ðxk � xÞ2
XN
k¼1

ðyk � yÞ2
vuut (8)

where the bar notation stands for an average over the index k.
Generally, a Pearson correlation between �0.5 and 0.5 indi-

cates a weak, little or no association between two variables. The
link to the Student test (T-test) shows that the score R may be
used as a statistic test to assess the significance of a variable. In
our experimental sample size, the limit of significance according
to the T-test indicates a threshold very low. Indeed, the limit is
below 0.1 for the sample above 1000 elements and for a 0.05
critical value for alpha level. This methodology is not appropriate
in our case because the threshold for the coefficient R should be
more important to select a limited number of exogenous inputs.
We have chosen intuitively an R threshold equal to 20%, only the
higher correlation will be chosen. Indeed we have noted that the
increase of this value is so restrictive that no exogenous data
would be eligible, on the other hand, the decrease of this value is
responsible for the augmentation of the number of input nodes,
making the PMC architecture too complicated. Moreover, after the
correlation analysis, each exogenous parameter is tested sepa-
rately to exclude those which do not improve the prediction. In
fact, a lower value of threshold selects more exogenous data, but
after the prediction test, the number of exogenous data chosen is
the same that in the 20% threshold. If the bound is fixed to 30%,
there is no exogenous data to consider (for Ajaccio and Bastia), so
the experience led us to consider the 20% R threshold as an
adequate solution.

If we use the previous notation for the clear sky index (St) and
for an yt exogenous variable (representing nebulosity, temperature,
etc.), the cross-correlation between the variables is:

Ryk ¼
XN

t¼kþ1

ðSt�SÞðyt�k�yÞ
, ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

t¼kþ1

ðSt�SÞ2
XN

t¼kþ1

ðyt�yÞ2
vuut (9)

4. Results and discussion

In this section we present the main results obtained with
data from meteorological stations of Bastia and Ajaccio. Finally
we validate the methodology proposed, using the obtained
simulator on a real frontage PV. Although there are several error
indicators for measuring performance of time series forecasting,
there is none that is uniformly accepted [41]. In this work, the
traditional normalized Root Mean Square Error (nRMSE) has
been used. The nRMSE is obtained by the formula:
nRMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
< ðx� yÞ2 > = < ðxÞ2 >

q
where x represents the

measurement and y the prediction.
tificial neural network dedicated to the multivariate forecasting of...,



Fig. 5. Pearson cross-correlation between the clear sky index, and exogenous variables for Bastia and Ajaccio stations (wind directionWd, peak of wind speed PKW, wind speed Ws,
relative humidity RH, sunshine duration Su, precipitation RP, pressure P, differential pressure DGP, ambient temperature average Ta, night temperature Tn , max (TM) and min (Tn)
temperature and nebulosity N). The lines represent the confidence band chosen.
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4.1. Selection of endogenous inputs

To determine the MLP input number, the PACF is used as
described previously (Section 3.3.1). PACF allows to quantify the
relevance of the endogenous inputs. Considering the auto-corre-
logram, the first rkk not significantly different of zero will induce
the number of endogenous inputs ðjrkkj > 1:96

ffiffiffiffiffiffiffiffiffi
1=N

p Þ. Fig. 4 pres-
ents the PACF of the clear sky index for our two sites Bastia and
Ajaccio. As we can see, for the first location (on the left), in order to
predict Stþ1 we have to consider St, St�1, St�2, St�3 and St�4 as input
of the ANN. In fact, the lag St�4 has not been considered because its
value is very close to the upper bound of the PACF Confidence
Interval. Moreover the experience has shown that no gain was
added with this parameter and we have concluded that it was not
Please cite this article in press as: Voyant C, et al., Optimization of an ar
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significant. In fact, using these non relevant time lags will not
decrease the prediction error, and will increase the number of local
minima during the ANN learning phase. This principle called
parsimony means eliminate higher time lags in order to simplify
the predictor system. For the second station, Ajaccio (on the right
on Fig. 4), two parameters (k ¼ 2) are correlated with the clear sky
index: Stþ1 correlated with St and St�1.

4.2. Selection of the exogenous inputs

The second important step in the MLP input layer optimization
is the choice of exogenous meteorological variables and their time
lags. The cross-correlation study is done according to the descrip-
tion given in the previous section (3.3.2). Fig. 5 represents the
tificial neural network dedicated to the multivariate forecasting of...,



Table 1
Prediction error with only one exogenous input among those highly correlated for
the site of Bastia. Bold letters represents the best configurations.

Lag endo Lag Su Lag RH Lag N Hidden nodes nRMSE% IC95%

4 e e e 5 25.85 0.46
4 1 1 1 5 25.60 0.18
4 1 e e 5 25.65 0.17
4 e 1 e 5 25.66 0.09
4 e e 1 5 25.58 0.13

Table 3
Optimization of the hidden layer for the site of Bastia.

Lag endo Lag Su Lag RH Lag N Hidden nodes nRMSE% IC95%

4 1 1 1 1 25.52 0.10
4 1 1 1 2 25.43 0.11
4 1 1 1 3 25.43 0.16
4 1 1 1 4 25.61 0.05
4 1 1 1 5 25.60 0.18
4 1 1 1 6 25.59 0.42
4 1 1 1 7 25.60 0.27
4 1 1 1 10 25.70 0.30
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Pearson cross-correlation between the clear sky index and all the
exogenousmeteorological variables available. Note that the value of
cross-correlation for lag 0 is given as information; it could not be
used in a forecast approach. One can distinguish between simula-
tions, where the output (radiation) and inputs (measures) are
considered at the same time, and forecasts, where the inputs are
measured ahead of time [42]. According to the 20% bound fixed in
the previous section (represented on the curves of Fig. 5 by the two
lines centered around zero) only three exogenous data have to be
taken into account for Bastia. These are relative humidity (RH),
sunshine duration (Su) and nebulosity (N). For each one only the
first lag 1 is taking into account, considering the data of the
previous day. In the Ajaccio case, the time lag 1 is interesting for
the variables sunshine duration (Su), pressure (P), differential
pressure (DGP), and nebulosity (N).

The purpose of this study is not only to demonstrate the interest
of using ANN technique, but also to search a mechanism for its
optimization. Once the most significant variables are determined,
another technique is applied to test the real impact of the exoge-
nous variables in order to hold only the most relevant. We have
evaluated the influence of all the exogenous parameters on the
output taking them one by one. Table 1 (Bastia) and 2 (Ajaccio)
show improved forecast results by the use of one exogenous input
and an arbitrary number of hidden nodes equal to five.

For the Bastia case onTable 1, the use of the time lag 1 for relative
humidity, sunshine duration or nebulosity decreases not only the
mean of the error prediction but also increases the robustness of the
methodology. The variance (represented by the CI95%) of the results
becomes lower, meaning there are fewer local minima and so
a greater accuracy. The other interesting element is the equivalence
of the sunshine duration, humidity and nebulosity when they are
used separately showing that there must all be taken into account.

On Table 2 for the station of Ajaccio, the most interesting
parameters are the nebulosity (N) followed by the sunshine dura-
tion (Su). The two other parameters, pressure (P) and daily gradient
pressure (DGP) are not very interesting. They are not improving the
error toward the endogenous case so their influence could be
neglected (the nRMSE is 22.5% for the endogenous case and 22.43%
and 22.47% for the pressure and the gradient pressure). Later in the
paper, for Ajaccio, we consider only the lag 1 exogenous inputs for
sunshine duration and nebulosity. The other variables are equiva-
lent and do not contribute to improve the prediction quality.
Table 2
Prediction error with only one exogenous input among those highly correlated for
the site of Ajaccio.

Lag endo Lag Su Lag P Lag DGP Lag N Hidden nodes nRMSE% IC95%

2 e e e e 5 22.50 0.16
2 1 1 1 1 5 21.62 0.16
2 1 e e e 5 22.04 0.08
2 e 1 e e 5 22.43 0.14
2 e e 1 e 5 22.47 0.14
2 e e e 1 5 21.79 0.11

Bold letters represent the best configurations.
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The last step of the optimization is the determination of the
optimal number for hidden nodes. Tables 3 and 4 are represented
the nRMSE error versus the number of hidden nodes between one
and ten for the two stations. In Bastia case in Table 3, at the
beginning an increase of the number of hidden nodes results in
a small decrease of the nRMSE unless trend is reversed. In fact all
results are almost equivalent even if a small increase of the local
minima is observed with an increase of the hidden nodes.
Considering this fact we should have to take two nodes for the
hidden layer. Actually we have chosen three nodes for the hidden
layer because the third number after the decimal point for the
nRMSE was smaller than the nRMSE for the two nodes case
(25.432% vs. 25.438%).

The optimization of the number of nodes on hidden layer for the
second station is represented in Table 4. Like in Bastia case, only
three neurons on the hidden layer are necessary.

4.3. Forecasting errors

For Bastia location, the improvements related to exogenous/
endogenous inputs (multivariate data) are minimal but real. On the
Fig. 6, the global radiation computed by the two methodology are
equivalent, although the determination coefficient shows that the
use of exogenous data improve the prediction (R2 ¼ 0.72 vs.
R2 ¼ 0.71). For the prediction error, the nRMSE is 25.43% for
multivariate method (see Table 3) against 25.85% for univariate
method (Table 1). The RMSE is reduced by 20 W h/m2 (1233 W h/
(m2/day) vs 1253 W h/(m2/day)), and the mean absolute error by
51 W h/m2 (957 W h/(m2/day) vs 1008 W h/(m2/day)). The naive
forecaster based on the persistence leads to an nRMSE ¼ 31.17%
(MAE ¼ 1081 W h/(m2/day) and RMSE ¼ 1569 W h/(m2/day)). For
Ajaccio, the gain of the exogenous inputs utilization is more inter-
esting. The nRMSE is 21.54% for multivariate method (see Table 4)
against 22.50% for univariate method (Table 3). The RMSE is
reduced by 52 W h/m2 (1087 Wh/(m2/day) vs. 1139 W h/(m2/day)),
and the mean absolute error by 73 W h/m2 (839 W h/(m2/day) vs.
912 W h/m2 (839 W h/(m2/day)). The naive persistence leads to
nRMSE ¼ 27.07% (MAE ¼ 971 W h/m2 (839 W h/(m2/day)) and
RMSE¼ 1422W h/m2 (839W h/(m2/day)). In Fig. 7 the comparison
between the two methodologies of prediction is shown. Like in
Bastia case the determination coefficient indicates that the
Table 4
Optimization of the hidden layer for the site of Ajaccio.

Lag endo Lag Su Lag N Hidden nodes nRMSE% IC95%

2 1 1 1 21.61 0.01
2 1 1 2 21.75 0.18
2 1 1 3 21.54 0.05
2 1 1 4 21.67 0.11
2 1 1 5 21.61 0.12
2 1 1 6 21.83 0.53
2 1 1 7 21.87 0.20
2 1 1 10 21.78 0.19

Bold letters represent the best configurations.
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Fig. 6. Comparison between the use of exogenous and endogenous inputs (on right) and only endogenous input (on left). The top is related to Bastia and the bottom to Ajaccio.
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exogenous methodology improves the prediction (R2 ¼ 0.78 vs.
R2 ¼ 0.77).

In Fig. 7 and Fig. 8, the cumulative global radiation for both
configurations is compared. Fig. 8 helps to compare the predictors
when the errors generated are low and allows to make a zoom on
the forecasting error. The trend of the difference of cumulative
global radiation is decreasing and is maximal after two years. For
Bastia, the error generated (bi-annual integration) by the both
simulations are very low (60 kWh/m2 for exogenous data use and
57 kWh/m2 for only endogenous data, the cumulative measure
being equal to 3.1 MWh/m2). There is an inversion of the trend after
the 200th day (Fig. 8), the difference of cumulative radiation related
to the exogenous methodology become more important than the
only endogenous method. The cumulative curve is a comparison
tool, but the interpretation is not trivial. A predictor can generate
a high nRMSE and a low cumulative error like in the persistence
case where the cumulative modeling is equal to the original series
but the daily error generated is high. It is surprising, but it seems
that the sunny period increases the error while the winter period
compensates it (rebounds curves on Fig. 8 at 100th and 500th day).
The two prediction methods with univariate and multivariate data
coincide with the cumulative measurements (R2 ¼ 0.99). This site
(Bastia) is well known to be very difficult to predict and this result
was already found in previous studies [31].

For Ajaccio, Fig. 7 shows that the error generated by the two
simulations is very low, the determination coefficient does not
allow to separate the two predictors (univariate vs. multivariate)
on the cumulative study (R2 ¼ 0.99 for both methods). In fact, the
Please cite this article in press as: Voyant C, et al., Optimization of an ar
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exact cumulative error value after two years (where there is
compensation between negative and positive values of daily
prediction) is 96 kWh/m2 for multivariate forecasting and 94 kWh/
m2 for univariate forecasting. The cumulative measure is equal to
3.26 MWh/m2. Like for the Bastia case, it seems that the sunny
period increases the error while the winter period compensates
this. It is certainly caused by the high value of the global radiation
on summer.

In our two studies (Ajaccio and Bastia), there is overestimation
on cloudy months and underestimation on sunny months. The
difference of cumulative global radiation (Fig. 8) decreases when
the predicted days advance. During the first 20 months, the exog-
enous case underestimates often the global radiation. But during
the four last months, the two cumulative predictions are equal. The
both curves related to the multivariate estimation represented on
the Fig. 8 can be fitted, in a first estimation, with a linear tendency
Eq. (10) for Ajaccio and Eq. (11) for Bastia.

Cumulative Error
h
Wh=m2

i
¼ �146:8 days number

�
R2 ¼ 0:94

�
(10)

Cumulative Error
h
Wh=m2

i
¼ �73:7 days number

�
R2 ¼ 0:81

�
(11)

We can estimate that the cumulated error is �146.8 Wh/m2

(underestimation trend) by day in Ajaccio and�73.7Wh/m2 by day
tificial neural network dedicated to the multivariate forecasting of...,



Fig. 7. Comparison of cumulative global radiation between the use of exogenous input and only endogenous input. The dotted line is the prediction and the continuous line is the
measure on Bastia and Ajaccio (R2 ¼ 0.99 for all figures).
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in Bastia. In order to better understand and quantify gains induced
by the use of exogenous data, Fig. 9 presents monthly results.

For Ajaccio, The multivariate methodology improves the fore-
cast, around 1% with a max in March (þ3.5%) and a min in
November (�2.8%). There are more months where the nRMSE
difference is positive (17 months on 24 predicted months) meaning
that the use of exogenous parameters is significantly better than
single use of endogenous inputs. For Bastia, globally, the exogenous
methodology improves the quality of the forecast; the average gain
is around 0.5% with a max in July (nRMSE ¼ þ1.7%) and a min in
November (�1.7%).

4.4. The frontage PV system

In the previous section, we have identified a methodology to
predict with exogenous variables, the horizontal global radiation. In
this new section, we apply the forecast methodology to predict the
specific case of the DC production for a tilted PV wall.

A frontage PV system has been installed recently in our labo-
ratory (located at Vignola, Ajaccio, on Fig. 10). It has a nominal
power of 6.525 kWp composed by respectively 1.8 kWp and
4.725 kWp amorphous and mono-crystal PV modules built in 6
independent power subsystems. PV power predictions from ANN
methodology described in this paper have been computed from
one of this whole PV plant on a frontage side exposed to the south
Fig. 8. Differences between measures and ANN simulations in Ajaccio and Bastia (continuo
data). A negative value means that the simulation underestimates the global radiation.
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(azimuth null) and tilted at 80�. The PV system is composed by 9
SUNTECH 175S-24Ac for a 1.175 kWp nominal power connected to
a 1.85 kW SUNNY BOY SMA inverter for PV production on the grid.
The irradiance sensor used is an INGENIEURBÜRO SI-12TC cali-
brated by the PTB Braunschweig (German national metrology
Institute): scale range between 0 and 1200 W/m2 requiring an
annual quality control for calibration. The measures are averaged
every 5 min (sampling time ¼ 1 min) and stored on a dedicated PC.
For the PV power calculation (EPV/DC), we use in first approximation,
a linear production based on a constant PV plant efficiency
hPV w 15% (R2 ¼ 0.997), with:

EPV=DCðWhÞ ¼ hPV:Ib:S; (12)

where Ib is the daily global irradiation on the PV system (b ¼ 80�), S
is the usable surface of the PV system under consideration
(S ¼ 10.125 m2). The prediction results for the PV wall must be
corrected to take into account the PR coefficient (performance
ratio) of the plant which is very much affected by the choice of
system components like inverter, temperature, energy loss, etc. and
can provide appreciable difference in electricity production in long
term. The PR is calculated during the period of measurement by the
ratio between the measured efficiency and the theoretical effi-
ciency, we obtain a minimum value equal to 0.71 in winter,
a maximum value equal to 0.80 in summer and an annual mean
us line is ANN with only endogenous data, dotted line the endogenous and exogenous
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Fig. 11. Block Scheme of the PV wall experience. Comparators 1 and 2 are related to the
DC and AC PV energy.

Fig. 9. Differences between nRMSE obtained with endogenous simulation and endo-
exogenous simulation for Bastia (grey box) and Ajaccio (white box). A positive value
means a diminution of the nRMSE derived from endo-exogenous simulation.
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value equal to 0.76. The parameter which allows to determinate the
PV plant output AC Energy is given by the expression:

EPV=ACðWhÞ ¼ PR:EPV=DCðWhÞ ¼ PR:hPV:Ib:S (13)

To predict this energy, we used as a learning set 10 years of
global horizontal irradiation available on the site of Ajaccio. The
distance of this frontage PV system from the meteorological
station used to obtain the training series is about 10 km. Classical
models are used to compute tilted irradiation for an 80� angle. We
used the Climed-2 method [43] to determine the diffuse fraction
then the classical transformation to tilt the beam component, and
the Klutcher equations [44] to tilt the diffuse part. The couple of
exogenous data (lag 1 for sunshine duration and nebulosity) and
the ANN estimation designed previously have been used to
predict the DC and AC energy produced by the PV plant (see
Fig. 11).

We have chosen to compare the following solar radiation fore-
casting approaches: the ANN methodology with only endogenous
data, ANN with endogenous and exogenous data, persistence and
the referenced autoregressive with moving average (ARMA(p,q))
model [45]. The optimization of this model is done separately with
an exhaustive study of parameter p and q. We have found that the
best configuration was the simple ARMA(2,2) with Solis stationari-
zation and centered values. The test of prediction is done with
extreme condition, because the period chosen for the prediction is
the 6 months between January and June 2009 where the weather
was unusually very cloudy. These extreme conditions are illustrated
Fig. 10. The frontage PV system on the Vignola laboratory walls.
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in Table 5 that represents the means and standard deviation of the
PV output electrical AC power. For the first months the standard
deviation of the DC and AC electrical power measured are respec-
tively 299 Wh and 227 Wh, while the means are equal to 666 Wh
and 506 Wh. It means a variation coefficient (or dispersion rate)
closed to50% showing thehighvariability of thePVplantproduction
and the difficulty to offer a reliable forecast of the global horizontal
irradiation. Table 6 shows the results of the AC energy prediction
tests for the four used methodologies (ANN with endogenous and
exogenous inputs, ANN with only endogenous inputs, ARMA and
persistence). Endogenous and exogenous data as inputs of the ANN
allow to decrease the nRMSE by 1% on a 6months-cloudy period for
the AC power production (JanuaryeJune). Moreover, the use of
exogenous data shows an interest only in cloudy period (winter
season). In summer, endogenous data as inputs on a preprocessed
ANN seems to be sufficient. By comparison to a naïve forecaster like
persistence or the referenced forecaster (ARMA), an ANN with
endogenous andexogenousdata improves theAC (andDC) electrical
power energy prediction by respectively 9% and 1%. The ARMA
process is equivalent to an ANN with only endogenous inputs, both
of which are less relevant that the use of ANN with selected mete-
orological inputs.

Fig. 12a shows the cumulative prediction versus the combina-
tion of the electric power measurement. The prediction over-
estimates the energy production. But, we can see that the use of
ANN with exogenous data can properly quantify the energy
resource (like in the ARMA case the determination coefficient for
the cumulative prediction is R2 ¼ 0.99 and for the persistence
R2 ¼ 1).

This cumulative plot is interesting because it shows the global
error generated. A good estimator must have a low value of daily
nRMSE and also a low error on the predicted cumulative energy. For
6 months, the absolute global error of the cumulative prediction is
Table 5
Means and standard deviation of the AC PV plant electrical power.

JaneJune JaneFeb MarcheApril MayeJune

Means (Wh) 464.2 506.1 480.3 412.6
Std dev (Wh) 178.9 227.2 202.7 58.17
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Table 6
AC PV power prediction (80� tilted PV plant). ANN with endogenous and exogenous
inputs, ANN with only endogenous data, ARMA process and persistence. In bold the
best results for each measurement error.

Predictors JaneJune JaneFeb MarcheApril MayeJune

nRMSE (%) ANN endo-exo 33.1 37.5 36.1 16.4
ANN endo 34.2 37.9 37.9 16.4
ARMA 34.3 38.4 37.7 16.3
Persistance 42.3 47.0 47.1 18.8

RMSE (Wh) ANN endo-exo 164.43 207.22 188.25 68.48
ANN endo 169.97 209.81 197.66 68.32
ARMA 170.48 212.89 197.02 68.16
Persistance 210.21 260.19 245.63 78.14

MBE (Wh) ANN endo-exo 7.31 27.66 9.89 �10.21
ANN endo �7.02 4.35 �3.56 �19.55
ARMA �2.30 �1.90 0,84 �24.75
Persistance 1.34 �1.35 1.91 2.40

MAE (Wh) ANN endoeexo 122.43 177.72 148.50 122.43
ANN endo 130.77 184.04 162.29 130.77
ARMA 131.16 189.18 158.46 131.16
Persistance 140.19 195.13 179.05 140.19

C. Voyant et al. / Energy xxx (2010) 1e12 11
less than 4 kWh for the tilted PVwall, while the value of cumulative
produced measures is 60 kWh (error ∼ 7%). In Fig. 12b, we can see
that the measures are very noisy and that the inclination of 80� is
very penalizing; the high values of energy are observed in winter
when the weather is often cloudy. Moreover, the relative error is
much larger in summer in this case than in horizontal case.
However, after 90 days (3 months, so early April) the prediction is
very consistent to the measures.
Fig. 12. In (a), dashed points represent the relation between cumulative measure and
forecast of the PV electricity, with ANN and endo-exogenous input, (R2 ¼ 0.99) in the
period JanuaryeJune 2009. The continuous line represents the case of perfect predictor
(Y¼X). In (b) the electrics power measured (line) and the electric power forecasted
(marks) are represented for Ajaccio on 80� tilted PV wall.
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5. Conclusions

This paper proposes to study the contribution of exogenous
meteorological data to an optimized MLP in order to predict solar
energy (multivariate forecasting). We have compared this tech-
nique with different forecasting methods on two sites located in
Corsica Island and the results seem to be quite interesting. On
Bastia, the first site studied, the use of the exogenous data on ANN
inputs increases a little the prediction quality (only 0.5%), the
maximum is in July (nRMSE ¼ þ1.7%) and the minimum in
November (�1.7%). In Ajaccio, the second site studied, the multi-
variate forecasting improves the nRMSE by 1%, and this result
begins to be interesting for a power manager. The maximum gain is
in March (þ3.5%) and the minimum in November (�2.8%). If we
consider the cumulative prediction, the results are of course better,
but the two predictors appear equivalent in this case (R2 ¼ 0.99 for
both). The results are similar to the concrete case of a tilted PV wall
(1.175 kWp): endogenous and exogenous data ANN inputs allow
decreasing the nRMSE by 1% on a 6 months-cloudy period for the
AC power production (JanuaryeJune). Moreover, the use of exog-
enous data shows an interest only in cloudy period (winter season).
In summer, endogenous data as inputs on a preprocessed ANN
appear to be sufficient. By comparison to a naïve and reference
forecaster as respectively persistence and ARMA, an ANN with
endogenous and exogenous data improves the AC electrical power
energy prediction by respectively 9% and 1%. The ARMA process is
equivalent to the “only endogenous input” architecture (univariate
method): both are less relevant than the use of ANN with meteo-
rological inputs. All theses results encourage us to study in the
future how to adapt this methodology to shorter horizons in order
to target the problem of scheduling in a power system. It seems
obvious that in this case the meteorological data should have
a greater impact on the prediction accuracy.
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