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Abstract. Global Solar Radiation gives us the possibility for 
determining electrical solar energy generation in a region. 
Maintain the balance between electrical power demand and 
supply requires a specific attention in order to integrate solar 
energy into the electrical grid. Indeed, the knowledge of solar 
radiation for different time horizons is the main tool for 
increasing the proportion of solar energy into the power system. 
The main objective of this paper is to improve PV Generation 
forecasting for the Island of Gran Canaria. Firstly, solar 
radiation forecasting is improved using statistical models with 
ground measurements and other exogenous variables as inputs. 
Based on the radiation data obtained in the forecasts, it is 
possible to obtain an estimate of electric power production for 
each hour of the day. The improvements obtained in forecasts 
for time horizons between one and six hours are very important 
for the electric power system. This helps reduce operating and 
maintenance costs by offering greater control and reducing 
uncertainty. These approaches may be used by electric power 
generators in order to improve interventions in the intraday 
market and allow them to revise management decisions with 
respect to the facilities. 
 

Key words 
 
Artificial Neural Networks, Forecasting, Solar Radiation, 
PV Generation, Satellite Data. 
 
1. Introduction 

Solar radiation forecasting is an important tool for 
increasing solar energy generation into the grid. In order 
to manage the demand and supply, the system operator 
and PV producers need solar radiation forecasting for 
different time horizons [1].  In case of Island grids, they 
should to produce all the electricity with their own 
resources. Moreover, Canary Islands present a solar 
radiation high variability because of the complicated 
orography. Depending on the purposes, solar radiation 
forecasting with different time horizons are required. 
Solar radiation models use different input parameters 
depending on each case [2, 3]. For time horizons shorter 
than an hour, ground-based sky images models forecast 
obtain high precision information about cloud cover 
conditions and movement [4]. On the other hand for 
hourly forecasting up to 6 hours ahead, cloud motion 
vectors models derived from geostationary satellite 
images show accurate results [5, 6]. Meteorological 
agencies developed different Numerical Weather 

Prediction (NWPs) models with several precisions 
depending on the time scale and the geographic area for 
the study, Heinemann [7]. In recent time, NWPs models 
associated with a post-processing method have been 
developed. These models use hourly ground 
measurements to improve NWPs results and show 
accurate results for predictions from 6 h onwards [8]. 

The work is focused on intra-day hourly solar radiation 
forecasting with time horizons from 1 hour to 6 hours 
ahead. Statistical models are commonly used for short-
time forecasts from 5 min. to 6 h. In this paper, an 
artificial neuronal network (ANN) model is proposed to 
forecast the hourly Global Horizontal solar Irradiance 
(GHI) [9]. Bayesian probabilistic techniques have been 
used for analysing the complexity of the model for each 
simulation performed during the study [10]. ANNs are 
based using different input data sets, as ground 
measurement data, numerical weather prediction model 
data (from ECMWF) and satellite data (from Helioclim-3)  
[11, 7]. 

In this paper, PV Electrical Generation model has been 
used to show the useful of solar radiation. This model 
estimates PV Electrical Generation using solar radiation 
data, ambient temperature and different PV solar panels 
characteristics [12]. The performance of the model have 
been used in a generation plant with 480 solar panels 
situated in Pozo Izquierdo.  
 
2. Available data 

Ground measurement data were obtained from two 
stations located in Gran Canaria Island (Spain) and 
provided by the Canary Islands Technology Institute 
(Instituto Tecnológico de Canarias). Predominant Trade 
winds coming from north east produce a high climatic 
contrast between northern and southern area on the Island. 
Northern area present a higher cloudiness because the 
orography stops the clouds coming with predominant 
winds [13, 14]. Both stations represent the different 
climatic conditions around the Island. 

Measurement stations use secondary standard 
pyranometer to acquire global horizontal irradiance 
(GHI). In this case we have the pyranometer CMP-11 of 
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Kipp & Zonen, with 3% accuracy for daily sum of GHI. 
Data are recorded for every 5 s, 1 min average, and later 
assembled into an hourly basis. One of the most important 
steps to obtain good results using ANNs is to assure the 
good quality of the data. In this case, we have used the 
SERI-QC control software for the quality assessment [15, 
16]. This model filter out the global solar radiation data 
over top of the atmosphere radiation and values under 
zero. 

To improve solar radiation forecasting obtained with 
ground measurements using ANNs models we added 
different exogenous data. In this study we worked with 
surface solar radiation data derived from satellite images 
and solar radiation and total cloud cover predicted with 
ECMWF model. Satellite information was retrieved from 
the Helioclim-3 database version 5 (HC3v5). All this 
information has been processed by converting the images 
taken from the Meteosat geostationary satellite network 
into solar radiation with Heliosat-2 method [17, 18]. 
Satellite derived data contain very high precision 
information for a great area around the Island and for a 
high temporal resolution. The defined area, in decimal 
degrees, is the coordinates latitude [+28.7500 to 
+27.2500], and longitude [-16.0000 to -14.5000], 
resulting in a grid of 61x55 pixels of information, where 
each pixel possesses a spatial resolution of 3x3 km2. 
Satellite data were retrieved with a temporary resolution 
of 15 min. and later resumed into and hourly solar 
radiation database like ground data. 

Moreover, we have used different data obtained with the 
ECMWF (European Center for Medium-Range Weather 
Forecast) numerical model. These data were granted by 
the Laboratoire de Physique et Ingénierie Mathématique 
pour l'Energie et l'environnement (PIMENT) from the 
Université de La Réunion. As well as satellite data, 
ECMWF data give us information about the whole area of 
the Island. This information was selected for an area 
located from 27.5º to 28.5º of latitude north, and 15º to 
16º longitude west Fig. 2. For each pixel of the selected 
grid there is a spatial resolution of 16x16 km2 and 21 
vertical levels of resolution. ECMWF model provides a 
great number of meteorological variables, but in this study 
we only extracted the Total Cloud Cover (TCC) and the 
Surface Solar Radiation Downwards (SSRD). 

3. Solar Forecasting Model 

Statistical models training processes were handled with 
clear sky index series. To obtained clear sky index (Eq. 
(1)) we have used the clear sky model called Bird model. 
This model estimate solar radiation for a clear atmosphere 
using several parameters, as AOD, water steam and 
ozone.  

�∗ = ��
���           (1) 

Otherwise, the results obtaining with the testing datasets 
are computed using global solar irradiances. In order to 
stablish the improvement obtained with the proposal 

models is very common in the literature use reference 
models. In this paper we compared ANNs models with 
one naïve model called Smart-persistence. This model 
estimate solar radiation forecasting for time horizon ‘h’ 
using the mean of the ‘h’ previous clear sky index data. 

A. Model description 
 
In this work, we used Artificial Neural Networks (ANNs) 
to improve solar radiation forecasting using different 
inputs. Artificial Neural Networks (ANNs) are statistical 
methods using to stablish a relation between input and 
output datasets. Each individual unit of the ANNs are 
called neurons and are connected by different weights. 
The ANNs used in this paper is the Multilayer Perceptron 
(MLP). This model is composed by an input layer, one 
hidden layer with non-linear neurons and an output layer. 
There are not any feedback connection between each 
layer. The input layer is composed by all the different 
inputs and the output layer contains only the solar 
radiation for the time horizon ‘h’. The general equation 
for the ANNs is as in Eq. (2). 
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At the beginning the weights are initialized randomly and 
later optimized with a cost function during the training 
process. The average of square difference between the 
computed output and the desired output in terms of clear 
sky index is the most common function Eq. (3)). 
 

�	� = �
 ∑ 	!" − $" %"��              (3) 

 
The complexity of the model is one the most important 
issues to obtain improved results with ANNs. Networks 
with a high number of hidden units or inputs could obtain 
very good results with the training datasets but poor 
results when we used new testing dataset (overfitting 
problem). In order to avoid this kind of problem is very 
common to use different regularization methods. These 
methods normally control the complexity of the models 
and obtained generalized results [19, 20]. In this paper we 
proposed Bayesian regularization framework to control 
the architecture of the model [10, 21, 22]. Bayesian 
framework consider a probability density function over 
the weight space. So, the optimal ANN weight space 
correspond to the maximum of the probability density 
function. Finally, Bayesian framework introduces new 
hyperparameters to the cost function in order to control 
the complexity Eq. (4). 
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Using the Bayesian framework the overfitting problem is 
avoid. In Fig. 1 the results obtained for C0-Pozo Izquierdo 
station are showed. This figure represents the results 
obtained with Bayesian Networks against the real solar 
radiation data for training and testing datasets. It is easily 
observed that the overfitting problem is not present in this 
forecasting. 
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Fig. 1.  Comparison of forecasted results with Bayesian 
Networks and real radiation ground data for C0-Pozo 

Izquierdo  
 
 
B. Forecasting model implementation 

In this paper we have trained ANNs with different inputs 
to improve solar radiation forecasting. Every cases work 
with different combination of inputs. Firstly, we trained 
ANNs only using six ground clear sky index in order to 
compute the improvement we get when we add exogenous 
data. The exogenous data used as inputs in the ANNs are 
solar radiation data derived from Helioclim-3 and solar 
radiation and total cloud cover (TCC) predictions from 
ECMWF. Indeed, the different ANN models computed 
are the following: 

1) ANN model with only past ground data as inputs 
(denoted herein NN). 

2) ANN model with past ground data and satellite 
data as inputs (denoted herein NN+SAT). 

3) ANN model with ground data and ECMWF 
radiation data as inputs (denoted herein 
NN+ECMWF). 

4) ANN model with ground data, satellite data and 
ECMWF radiation data as inputs (denoted herein 
NN+ECMWF+SAT). 

 
Satellite data provide a high number of pixels for the 
whole area of Gran Canaria. So, select the best satellite 
pixel information is one of the most important decisions 
to improve hourly GHI forecasting. The selection of pixel 
have been carried out based on the calculation explained 
by Mazorra et al. [23]. The parameter used to establish the 
most related satellite pixels with the ground data is the 
Pearson Correlation. We computed the correlation 
between each satellite gridded pixels for different time 
lags and the ground measurement data for the present 
time. Consequently we could have information about the 
incoming events for 1, 2 and 3 hours before from the 
surroundings. The maximum number of satellite pixels 
was fixed in 30 to control the computational load of 
ANNs. Thus, satellite pixels selected as ANNs inputs 
show the highest relation with ground station data for 
each time lag. 
 
In order to evaluate the performance of each method, we 
used a standard error metric widely used in the solar 

forecasting community: the Root Mean Square Error 
(RMSE) [24, 25]. Dividing by the average of the hourly 
GHI data we compute the relative metric (%rRMSE). 
 

/01� = 2�
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During the training process we computed different ANNs 
using six combinations of 30 satellite pixels and selected 
the optimal one. Once we selected the optimal selection of 
satellite data, all statistical models suggest in this paper 
were compared in terms of testing dataset error. All 
different ANN models, using different combinations of 
exogenous data, obtain better results than ANNs only with 
ground data. For station C0-Pozo Izquierdo, satellite data 
(NN+SAT) reproduced the best results for the first three 
hourly time horizons, while satellite data and ECMWF 
data (NN+ECMWF) provide similar results for the last 
three hours. In case of C1-Las Palmas station, NN+SAT 
model presents the most accurate results for time horizon 
lower than 3 h, while NN+ECMWF obtains the best 
results for the last time horizons. In both stations, the 
combination of both models, satellite and ECMWF data 
(NN+ECMWF+SAT) presents the best results for all time 
horizons. Thus, in this paper we recommend the use of 
NN+ECMWF+SAT model as the best one to improve 
solar radiation forecasting from 1 to 6 hours ahead in 
Gran Canaria Island.  
 
Tables I-II present the forecast performance for both 
station in terms of %rRMSE from time horizon 1 to 6 
using annual testing data set. Each row corresponds to the 
forecasting reference model, ANNs only using past 
ground radiation data (NN) and the optimal model 
proposed in this paper (NN+ECMWF+SAT). In all cases, 
forecasting models show worse %rRMSE error as time 
horizon increases. The Smart-Persistence increases from 
15 %rRMSE in ‘h=1’ to 26 %rRMSE in ‘h=6’ at C0 
station, while at C1 station error results oscillate between 
27% and 42%. On the other hand, ANNs model proposed 
in this paper leads to error results around 15,5% at C0 and 
24% at C1 for time horizon ‘h=1’ and 22% at C0 and 34% 
at C1 for time horizon ‘h=6’. It is easily observed than 
northern stations (C1) presents worse results than 
southern stations (around 12% difference for time horizon 
6 hours). The climatic difference between both areas 
because of Trade winds effect is the main is the 
responsible of this accuracy difference.   
 
We can also observe some difference between both 
stations if we study the improvements compared to the 
reference models. At station C0, proposal model shows 
and improvement between 1,5% and 4% compared to 
Smart-Persistence model for ‘h=1’ and ‘h=6’ and between 
1% and almost 2% compared to NN. While at C1, 
NN+ECMWF+SAT model leads to a gain from 3% to 6% 
compared to Smart-persistence and between 1,5% and 
3,5% compared to NN. Even if in southern stations, the 
results proposed model are better, the improvement shows 
very similar results for both areas. 
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TABLE I. - %rRMSE for testing dataset at station C0 – Pozo Izquierdo for different time horizons. 

 
Model 1 h 2 h 3 h 4 h 5 h 6 h 

SMART-PERS 17.03 22.95 25.80 26.60 26.05 25.54 
NN 16.24 20.88 23.04 23.41 24.25 23.94 

NN+ECMWF+SAT 15.47 19.55 20.35 21.16 21.89 22.17 
 
TABLE II. - %rRMSE for testing dataset at station C1 – Las Palmas for different time horizons. 

Model 1 h 2 h 3 h 4 h 5 h 6 h 
SMART-PERS 27.42 38.98 43.96 45.03 43.85 42.00 

NN 25.50 33.17 36.21 37.37 37.37 37.55 
NN+ECMWF+SAT 24.15 30.98 32.92 33.52 33.96 34.09 

  

4. PV Power Generation Model 
 
Solar radiation prediction lets electrical system operators 
estimate power generation at different locations in Gran 
Canaria Island where there are installed PV Generation 
farms. In this study we have worked with a solar farm 
situated in C0-Pozo Izquierdo. The farm is composed by 
480 MSK model TCF200-W photovoltaic panels and 
twelve Mini Sun Central 8000TL inverters. PV Solar 
models estimate electrical power generation using solar 
radiation data obtained both from measurement station 
and forecasting models. In this paper, to show the utility 
of solar forecasting, we have used the forecasting model 
results proposed and a generation model with PV panel 
described in [12].  
 
This model compute electrical generation using solar 
radiation, temperature and different characteristics of PV 
panels. In order to estimate the production, we used a 
simple model for each cell array current: 
 

5 = BC5CD − BC5E FGHI J KL
%MNOPQR − 1T (7) 

Where NP and NS are the numbers of cells in pararell and 
in serie, IPH is the photocurrent (eq. (8)), Tc is the 
operation temperature of the cell (eq. (9)) and IS is the cell 
saturation of dark current (eq. (10). 
 

5CD = �5EU + V��WU − W896��X  (8) 

WU = W;?YZ FO[\P]^ _
_.a T X   (9) 

5E = 5bE c OP
Odef

gh iGHI jKkl
NQ c �

Odef
− �

OPgim (10) 

 
Where ISC is the cell short-circuit current at 25ºC and 
1kW/m2, TNOCT is the nominal operating cell temperature, 
λ is solar radiation in kW/m2, Tamb is the ambient 
temperature, TRef is the cell reference temperature and EG 
is the bang-gap energy of the semiconductor. The test for 
the nominal operating cell temperature is made with 20ºC 
ambient temperature and 0.8 kW/m2 irradiance level. IRS 
is the cell reverse saturation current using the temperature 
and solar radiation of reference: 
 

5bE = nMP
i9opFqr\Pst ^�iT    (11) 

 
Where VOC is the open circuit voltage. 
 
Fig. 2 represents the comparison between PV power 
generation estimated using global solar radiation 
measured in the area and the solar radiation forecasted 
with the proposed model. In this paper, we compared the 
results for time horizons 1 and 6 hours ahead using 
forecasting model NN+ECMWF+SAT. The compared 
day represent a clear sky day for station C0-Pozo 
Izquierdo. Both cases electrical power generation were 
estimated using photovoltaic model described in [12].   
 
 

 
Fig. 2.  Comparison of PV power generation measure and 
forecast for time horizons 1 and 6 hours ahead in C0-Pozo 

Izquierdo 
 

We can consider the results obtained with the forecasting 
model proposed in this paper as an accurate tool for solar 
power generation forecasting. For time horizon 1 ‘h’, we 
obtained better results, while for 6 hours ahead the model 
could not reproduce intraday variability. Taking into 
account daily generated energy, measurement data show a 
total electrical power generated of 234,23 kWh, while one 
hour ahead prediction model estimate a daily power 
generation of 234,33 kWh. On the other hand, for time 
horizon 6 hours the predicted model computed a daily PV 
power generation of 209,70 kWh. Indeed, the proposed 
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model present an error of 0,04% in terms of daily energy 
with one hour ahead and an error of 10,47% for six hours 
ahead. 

 
5. Conclusion 
 
The influence of satellite data and data from ECMWF 
were first studied separately and in combination. For the 
first three hours forecast, satellite data (NN+SAT) 
obtained better results compared to ECMWF data. On the 
hand for the last three hours, similar and even better 
results were obtained by including ECMWF data 
(NN+ECMWF). The best results were obtained by 
combining both models (NN+ECMWF+SAT) as 
compared with NN. 
 
Daily Electrical Generation profile estimated using solar 
radiation forecasting obtained from the proposed model 
(NN+ECMWF+SAT) was compared with the Electrical 
Generation profile measure in the plant. The proposed 
forecasting model reproduce useful results for estimating 
electrical solar energy generation. The results obtained for 
1 hour ahead show very similar profiles between 
forecasting data and measure data, while for 6 hours 
ahead forecasting results fit the general trend. According 
to the Global Daily Solar Energy Generation for 1 hour 
ahead the forecasting model obtain an error around 0.04 
%rRMSE compared to measured data. On the other hand, 
for 6 hours ahead the error obtained is around 10 
%rRMSE in terms of daily energy. 
 
The results obtained using the recommended models 
reproduce a daily radiation profile that can generally 
predict daily energy production. Nevertheless, the models 
do not reproduce hourly variations in solar radiation 
precisely. It is necessary to study the various forecasting 
techniques in order to obtain better results for short-term 
irradiance. 
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